Stochastic Characterization and Simulation of Ground Motions based on Earthquake Scenarios by Vlachos, Christos
Stochastic Characterization and Simulation of Ground
Motions based on Earthquake Scenarios
Christos Vlachos
Submitted in partial fulfillment of the
requirements for the degree of
Doctor of Philosophy
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A novel stochastic earthquake ground motion model is formulated in association with
physically interpretable parameters that are capable of efficiently characterizing the complex
evolutionary nature of the phenomenon. A multi-modal, analytical, fully non-stationary
spectral version of the Kanai–Tajimi (K–T) model is introduced achieving a realistic de-
scription of the evolutionary spectral energy distribution of seismic ground motions. The
functional forms describing the temporal evolution of the model parameters can efficiently
model highly non-stationary power spectral characteristics. The analysis space, where the
analytical forms describing the evolution of the model parameters are established, is the
energy domain instead of the typical use of the time domain. This space is used in conjunc-
tion with a newly defined energy-associated amplitude modulating function. The Spectral
Representation Method supports the simulation of sample ground motions realizations.
A predictive stochastic model for simulation of earthquake ground motions is developed,
using a user-specified earthquake scenario description as input, and resulting in fully non-
stationary ground acceleration time-histories at a site of interest. The previously formed
analytical non-stationary K–T ground motion model lies in the core of the developed predic-
tive model. An extensive Californian subset of the NGA-West2 earthquake ground motion
database is used to develop and calibrate the predictive stochastic model. Sample observa-
tions of the model parameters are obtained by fitting the K–T model to the database records,
and their resulting marginal distributions are effectively described by simple probability mod-
els. Advanced random-effect regression models are established in the normal probabilistic
space, capable of linking the stochastic K–T model parameters with the moment magnitude
Mw, closest distance Rrup and average shear-wave velocity VS30 at a Californian site of in-
terest. The included random effects take effectively into account the correlation of ground
motions pertaining to the same earthquake event, and the fact that each site is expected to
have its own effect on the resulting ground motion. The covariance structure of the normal
K–T model parameters is next estimated, allowing finally for the complete mathematical
description of the predictive stochastic model for a given earthquake scenario. The entirety
of the necessary steps for the simulation of the developed predictive stochastic model is pro-
vided, resulting in the generation of any number of fully non-stationary ground acceleration
time-series that are statistically consistent with the specified earthquake scenario.
In an effort to assess the performance and versatility of the developed predictive stochastic
model, a list of simple engineering metrics, associated with the characterization of the earth-
quake ground motion time-series, is studied, and results from simulated earthquake ground
acceleration time-series of the developed predictive model are compared with correspond-
ing predictions of pertinent Ground Motion Prediction Equations (GMPEs) for a variety of
earthquake and local-site characteristics. The studied set of ground acceleration time-series
features includes the Arias intensity IA, the significant duration T5−95 of the strong ground
shaking, and the spectral-based mean period of the earthquake record Tm. The predictive
stochastic model is next validated against the state-of-the-art NGA-West2 GMPE models.
The statistics of elastic response spectra derived by ensembles of synthetic ground motions
are compared with the associated response spectra as predicted by the considered NGA-
West2 ground motion prediction equations for a wide spectrum of earthquake scenarios.
Finally, earthquake non-linear response-history analyses are conducted for a set of repre-
sentative single- and multi-degree-of-freedom hysteretic structural systems, comparing the
seismically induced inelastic structural demand of the considered systems, when subjected to
sets of both real strong ground motion records, and associated simulated ground acceleration
time-histories as well. The comparisons are performed in terms of seismic structural demand
fragility curves.
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1.1 Motivation and Significance of Research
Earthquakes are one of the most costly hazards, both in terms of loss of life and infras-
tructure damages [103]. The problem of predicting appropriate ground motions for future
seismic events is currently receiving a great deal of attention in the engineering commu-
nity. Engineers use seismic ground motions for a variety of reasons, including seismic hazard
assessment and estimation of nonlinear structural response history.
Concerning seismic analysis and design of structures, the 2012 IBC and the ASCE 7-
10 [3] building codes suggest seismic response-history procedures to be used, under certain
conditions, involving the entire time-history of ground motion accelerations. The increased
and constantly rising interest in performance-based earthquake engineering (PBEE) [25],
which copes with the structural performance from the linear range to nonlinear to collapse,
further boosts the need for reliable and realistic earthquake acceleration time-histories [47].
It is indeed well known to the engineering community that such simulation-based seismic
risk mitigation approaches are dependent on a proper characterization of possible earth-
quake ground motion waveforms that naturally exhibit both temporal and spectral non-
stationarities. Specifically for the spectral non-stationarity aspect of the earthquake acceler-
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ation waveforms and its importance for accurate structural response estimation, a consider-
able amount of work has been conducted, e.g. [13,31,66,97], where among others the moving
resonance effect is analyzed.
Often in current practice, the input ground motion time-histories are selected from actual
ground motions recorded in past earthquake events. Naturally, these ground motions have
to at least possess some similarity with respect to the characteristics of possible future
earthquakes that may affect the structure under consideration, and this is unfortunately
not possible for a number of cases and design scenarios. Due to this reason, engineers are
frequently forced to scale the recorded motions and/or to modify their spectral content [1].
These procedures are mainly motivated by necessity and certain concerns have been raised
about the potentially unrealistic representation of the earthquake ground motion.
Another alternative, instead of using modified recorded time-histories, is to use simulated
ground motions with uniquely defined, representative characteristics of possible earthquake
ground motions at a site of interest. ASCE 7-10 refers to this option as well, but only
provides a general remark that “appropriate simulated ground motions” can be used. The
presented work is thus meant to discuss this approach and propose a rigorous scientific, as
well as practical, method that could realize this simulation option. Apart from overcoming
the concerns related to selecting and scaling recorded ground motions, simulated earthquake
waveforms based on stochastic representations have the additional advantage that can be
directly used in a stochastic dynamic analysis framework. Some representative methods that
can be utilized, given a random process model of the earthquake ground motion, can be found
in [5,12,35,40,45,51,55,61,62,65,69,78,80,89]. In addition, a description of the earthquake
hazard in the form of simulated waveforms provides a meticulous characterization of seismic
risk not only for structures but for infrastructure systems as well, extending over large spatial
domains, which cannot be achieved by selection and scaling of recorded ground motions.
Currently, extensive research is being conducted on developing and validating attenuation
models, or more appropriately named Ground Motion Prediction Equations (GMPEs) [4,24],
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that are mostly used for probabilistic seismic hazard analysis (PSHA) of structural systems
and for structural design purposes. GMPEs already have a very long history of development
[42] in providing scalar ground motion measures and response-spectra based predictions
linked to seismological parameters. Recent works on GMPEs, such as the NGA-East project
[67], include also predictive models development in the Fourier-Amplitude Spectrum (FAS)
space [11, 22]. The FAS is essentially a stationary version of the power spectrum allowing,
among others, stationary simulations of ground motions [15]. Through this lens, as will be
shown later in detail, the predictive stochastic model developed in the presented research
can be considered as an extension of the FAS modeling into the non-stationary domain.
The main focus of the proposed work is thus the development of a novel analytical, fully
non-stationary, stochastic earthquake ground motion model, which is associated with read-
ily available physical and seismological parameters, and can provide reliable and realistic
earthquake acceleration time-histories for a user-specified earthquake scenario. The connec-
tion between the stochastic model parameters and the earthquake scenario predictors will be
based on formed advanced regression models and an extensive Californian subset of the very
recently available PEER NGA-West2 earthquake ground motion database [68] (replacing the
former one, available in [2]), consisting of strong ground motions originating from shallow
crustal earthquake events in active tectonic regimes. The developed regression equations will
thus form a predictive stochastic ground motion model, analogous to an extended version of
the current GMPEs, using as input a user-specified set of earthquake and local-site ground
motion predictors, and output fully non-stationary simulated ground acceleration time-series
at a site of interest for the region of California.
1.2 Existing earthquake ground motion models
The vast majority of stochastic ground motion models in the literature are developed in
order to generate simulated waveforms either similar to a target seismic record, forming the
3
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‘site-based’ model category, e.g. [57,76], or compatible with a designated response spectrum,
constituting the ‘spectrum-compatible’ model category, e.g. [26, 46]. Site-based models can
effectively characterize the stochastic nature of the ground motion by fitting to a target
seismic record obtained at a specified site and local soil conditions. Comprehensive formal
literature reviews can be found in [32, 76, 81] describing different models including those
based on filtered white noise random processes [52, 76, 92, 101], filtered Poisson processes
[59,60], Auto-Regressive Moving-Average (ARMA) models [33,36,64], spectral representation
of stochastic processes [32,35,41,49,57,98] and finally stochastic wave theory [37,38,39,83,84].
While the models of the above mentioned category can exploit the techniques in the field
of stochastic dynamics, which is a very significant attribute, they do not offer any other
considerable advantage in comparison to the practice of selection/modification of actual
records, since they cannot provide acceleration time-histories based on future earthquake
scenarios and do not usually take into account the uncertainty of their model parameters,
thus being unable to reflect the natural variability of the earthquake ground motion [26]. It
is hence mainly for this reason that these models are not broadly used in current earthquake
engineering practice and the much simpler procedure of record scaling is typically preferred.
Directly relevant to the scope of this work are ground motion models that can simulate
acceleration time-histories based on seismological and physical parameters. Two main cate-
gories of existing models are discerned based on this attribute. The first category comprises
the, usually referred as, ‘source-based’ models, which are largely dependent on seismological
principles and describe the faulting rupture mechanism and the subsequent seismic wave
propagation, e.g. see [18,23,48,50,70]. Despite their remarkable engineering potential, these
models have not yest established a practical status for engineering practice, mainly because
they usually require extensive knowledge of a variety of seismological parameters describing
the earthquake source, the seismic wave travel path, and finally the local characteristics
of the sites in question. The prediction and description of the fault rupture process is a
demanding task and a number of parameters with high variability can be present (for exam-
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ple hypocenter location, stress drop, slip heterogeneity, etc.). Additional complications for
this type of models are their difficulty to represent realistically the ground motion spectral
energy at frequencies above 1 Hz, and capture the local site response behavior adequately,
since their emphasis is on the source description, e.g. [43]. To circumvent a number of these
problems, hybrid models have been suggested that usually utilize stochastic and empirical
sub-models for the high frequency components and the local site responses, e.g. [43,48].
The second category of existing models relevant to the scope of the presented research
consists of stochastic models that are based on predictive regression relations, input an
earthquake scenario description and output simulated ground acceleration time-series at
sites of interest. These models are the most relevant to the suggested approach in this
work and very limited in number, mainly because accessible databases with large amount of
reliable data only recently became available. Therefore, a complete but concise review can
be found below.
In 2001, Alamilla et al. [9] used recordings from 6 earthquakes, from the subduction zone
adjacent to the southern coast of Mexico, and performed linear regressions, neglecting how-
ever the intra-event correlation of the seismic data, to relate the earthquake magnitude and
the source-to-site distance to the 13 parameters of their stochastic model. These parameters
characterize an amplitude modulation function and a transformation of the time scale, as
suggested by Grigoriu et al. in 1988 [49] and subsequently revisited by Yeh and Wen in
1990 [101], the function of which is to modulate the frequency content of the well known
stationary Kanai-Tajimi model [52, 92]. Stafford et al. in 2009 [90] developed predictive
relations between model parameters defining an energy modulating function, disregarding
however the ground motion frequency non-stationarities, and earthquake and site character-
istics, using a subset of the PEER NGA-West strong-motion database [2]. In 2010, Rezaeian
and Der Kiureghian [77] used seismologically consistent worldwide earthquake data from
the NGA-West database and developed a 6-parameter stochastic model based on a single-
degree-of-freedom linear oscillator, which serves as a time-varying linear filter to describe the
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frequency non-stationarities, and an amplitude modulating function. The model parameters
are related to the fault type, the moment magnitude, the closest distance and the shear-wave
velocity of the local site soil profile through linear mixed regression models, that take into
account both the inter- and intra-event variability of the ground motions. In their effort
to form a simple model, certain assumptions were used, for example the linear temporal
variation of the oscillator frequency, that are unfortunately not always supported by actual
data. In 2012, Laurendeau et al. [56] suggested a predictive stochastic model applicable to
Japanese earthquakes, considering both the intra- and inter-event ground motion variability.
Their model is a revisited version of the 2006 model by Pousse et al. [71], based on a ω-
square spectral form, which was in turn based on an early model by Sabetta and Pugliese in
1996 [79]. Nevertheless, the correlation between the dependent variables of the regressions is
ignored in this model and the additional random parameters that were introduced, affecting
the non-stationary character of the motion (stress drop, coda Q-value etc.), are sampled
independently from uniform distributions. Finally, in 2013, Yamamoto and Baker [100] pre-
sented a wavelet-based model, with 13 parameters associated with seismological and local
site conditions due to a two-stage linear regression, using numerous worldwide earthquakes
from the PEER NGA-West database. The selected worldwide data are of rather diverse
nature, involving different fault types and a wide range of source-to-site distances. This
model by Yamamoto and Baker is the first model to date that can represent multi-modal
non-stationary frequency spectra at each time instant. The model although employs 4 in-
dependent random variables for each wavelet packet, quadrupling the required number of
variables as compared to other simulation methods and thus complicating further expansions
towards simulation of waveforms with spatial correlation.
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1.3 Objectives and Scientific Merit
This work presents the formulation of a new stochastic earthquake ground motion model,
characterized by physically interpretable parameters that are capable of effectively modeling
the complex evolutionary nature of the phenomenon. The suggested model is based on
a novel multi-modal, analytical, non-stationary spectral version of the well-known Kanai–
Tajimi (K–T) model [52,92]. The frequency and amplitude modulated Kanai-Tajimi model
was first introduced by Deodatis and Shinozuka in 1988 [36], while Lin and Yong suggested a
more restrictive form, employing the theory of random pulse trains, that same year [60]. The
model presented in this research work is the first fully analytical model to date that is capable
of directly and efficiently describing multi-modal evolutionary power spectral densities. The
evolutionary K–T model analyzed in this study is bimodal, without any loss of generality
regarding the number of modes that can be modeled and/or their modeling procedure.
The newly introduced bimodal K–T model and the developed functional forms that can
describe the temporal evolution of its parameters are capable of representing strongly non-
stationary spectral densities. The analysis space, where the analytical forms describing the
evolution of the model parameters are established, is the energy domain, instead of the
typical use of the time domain. This is followed by the introduction of a newly defined
energy-associated amplitude modulating function. The analytical form of the suggested
model facilitates the simulation of sample realizations by the Spectral Representation Method
(SRM) [35,57,82,87], which is based on the evolutionary spectral theory of Priestley [72,73].
The SRM is of particular interest in the fields of random vibrations and stochastic dynamics,
and it also has the capacity to accommodate the spatial variation of the simulated ground
motions [35,58,87,102]. A subset of the NGA strong motion database [2,4] is selected in order
to test the capabilities and versatility of the proposed stochastic model. A methodology is
proposed, leading to the stochastic evolutionary description of the entire selected database,




After the identification of the parametric forms that describe the analytical stochastic
K–T ground motion model, a connection with relevant seismological and site-dependent
physical predictors is required. A Californian subset of the very recently available PEER
NGA-West2 [24,68] earthquake ground motion database is selected in order to develop and
calibrate the predictive stochastic ground motion model. The selected database is thor-
oughly analyzed and sample observations of the model parameters are obtained by fitting
the bimodal evolutionary K–T model to its records. The resulting marginal distributions of
the model parameters are effectively described by simple probability distributions models.
The sample parameters are subsequently translated to the standard normal space and pre-
dictive models are sought to be established, in the form of linear random-effect regression
models, that are capable of relating the transformed normal model parameters to common
earthquake and site-dependent parameters, as in the GMPEs development [24, 42] and ear-
lier works in the literature [77,100]. The predictors chosen to define the earthquake scenario
are the earthquake moment magnitude Mw, the closest-to-site distance Rrup, and finally the
average shear-wave velocity VS30 in the upper 30m of the local soil profile at a site of inter-
est. The random terms in the selected linear mixed models, typically referred as random
effects, can effectively model the correlation among ground motions pertaining to the same
earthquake event, while considering at the same time the fact that each different site is
expected to have its own effect on the resulting ground motion. The correlation structure
of the transformed normal model parameters is estimated through correlation analysis of
the regression residuals. The entirety of the necessary steps for the simulation of the devel-
oped stochastic predictive model is provided, resulting in the generation of any number of
fully non-stationary ground acceleration time-series that are statistically consistent with the
user-specified earthquake scenario.
In an effort to validate the performance of the presented predictive stochastic model
and assess its versatility, a list of simple engineering metrics, associated with the charac-
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terization of the earthquake ground motion time-history is studied, and results from sim-
ulated time-series of the developed predictive stochastic model are compared with corre-
sponding predictions of well-established Ground Motion Prediction Equations (GMPEs)
[7, 14, 21, 28, 29, 44, 53, 68, 74, 75, 91, 94], being calibrated through use of extensive, consis-
tent, and reliable earthquake strong ground motion databases. The studied set of ground
acceleration time-series features includes the well-known Arias intensity IA, quantifying the
total energy content of the earthquake ground acceleration, the significant duration T5−95 of
the strong ground shaking, being defined as the time interval associated with the dissipa-
tion of the central 90% of the acceleration time-series energy, and finally the spectral-based
mean period of the earthquake record Tm. The predictive stochastic model is next validated
against the state-of-the-art NGA-West2 GMPE models [7, 21, 28, 29, 68], that are capable
of efficiently linking the 5%-damped response spectrum of the linear elastic single-degree-
of-freedom oscillator with a given earthquake scenario, using as input an extensive set of
seismological and local-site ground motion physical predictors. The statistics of elastic re-
sponse spectra derived by ensembles of synthetic ground motions are compared with the
associated response spectra as predicted from the considered NGA-West2 ground motion
prediction equations [24, 68] for a wide variety of earthquake scenarios. Finally, earthquake
non-linear response-history analyses are conducted for a set of representative single- (SDOF)
and multi-degree-of-freedom (MDOF) hysteretic structural systems, comparing the seismi-
cally induced inelastic structural demand of the considered systems, when subjected to sets
of both real strong ground motion records, and associated simulated ground acceleration
time-histories as well. The comparisons are performed in terms of seismic structural demand




1.4 Organization of Thesis
This dissertation presents the development of a novel multi-modal analytical K–T strong
ground motion model, and its employment in formulating a predictive stochastic model
capable of simulating ground motions based on user-specified earthquake scenarios. Chap-
ter 2 presents the formulation of the new analytical stochastic K–T ground motion model.
Chapter 3 describes the development of the predictive stochastic ground motion model, and
Chapter 4 outlines the necessary steps for the simulation of any number of synthetic ground
acceleration time-series for a given earthquake scenario. In Chapter 5, a thorough valida-
tion procedure is followed with respect to the developed predictive stochastic ground motion
model.
Chapter 2 describes the formulation of a multi-modal analytical K–T ground motion
model. The functional forms describing the temporal evolution of the model parameters can
effectively model highly non-stationary power spectral characteristics. The analysis space,
where the analytical forms describing the evolution of the model parameters are established,
is the energy domain instead of the typical use of the time domain. The Spectral Repre-
sentation Method facilitates the simulation of synthetic ground motions. An NGA strong
motion database is selected in order to verify the versatility and capabilities of the developed
stochastic model, and a methodology is proposed allowing for the meticulous quantification
of the observed natural variability of the database earthquake records.
Chapter 3 discusses the development of a predictive stochastic ground motion model, us-
ing a specified earthquake scenario description as input and resulting in fully non-stationary
ground acceleration time-histories at a site of interest. The established analytical K–T
ground motion model lies in the core of the predictive stochastic model. The stochastic
K–T model parameters are linked to common seismic ground motion predictors through
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advanced linear random-effect regression models. An extensive Californian subset of the
very recently available NGA-West2 strong ground motion database is used to calibrate the
regression models, and sample parameter observations are obtained through fitting the K–T
model to the selected database records. The statistical analysis of the model parameters
is provided, including the uncertainty description of each one of them through fitting of
appropriate marginal probability models, the random-effects regression analysis, and finally
the covariance estimation method.
Chapter 4 utilizes the results associated with the development of the predictive stochas-
tic ground motion model, and outlines the necessary steps for the generation of any number
of synthetic ground acceleration time-series, that are statistically consistent with the user-
specified earthquake scenario. Example comparisons are provided with respect to two real
earthquake records, illustrating the efficiency of the proposed methodology in representing
the observed natural variability of the ground motions based on a given seismic scenario.
Chapter 5 presents a thorough validation procedure of the predictive stochastic ground
motion model. Outcomes of the developed stochastic model are compared with corresponding
results from well-established pertinent GMPE models, studying the attenuation of impor-
tant ground motion time-series features. The predictive stochastic model is next validated
against the state-of-the-art NGA-West2 ground motion prediction equations, and the statis-
tics of elastic response spectra by ensembles of simulated ground motions are compared with
associated predictions of the NGA-West2 GMPEs for a wide spectrum of seismic scenarios.
Finally, earthquake non-linear response-history structural demand analyses are conducted,
for a set of representative single- and multi-degree-of-freedom hysteretic systems, when sub-




Finally, Chapter 6 provides a summary of the main research findings and conclusions of







A novel stochastic earthquake ground motion model is formulated in association with phys-
ically interpretable parameters that are capable of effectively characterizing the complex
evolutionary nature of the phenomenon. A multi-modal, analytical, fully non-stationary
spectral version of the Kanai–Tajimi model is introduced achieving a realistic description of
the time-varying spectral energy distribution. The functional forms describing the temporal
evolution of the model parameters can efficiently model highly non-stationary power spectral
characteristics. The analysis space, where the analytical forms describing the evolution of
the model parameters are established, is the energy domain instead of the typical use of
the time domain. This space is used in conjunction with a newly defined energy-associated
amplitude modulating function. The Spectral Representation Method can easily support
the simulation of sample model realizations. A subset of the NGA database is selected in
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order to test the efficiency and versatility of the stochastic model. The complete selected
database is thoroughly analyzed and sample observations of the model parameters are ob-
tained by fitting the evolutionary model to its records. The natural variability of the entire
set of seismic ground motions is depicted through the model parameters, and their resulting
marginal probability distributions together with their estimated covariance structure effec-
tively describe the evolutionary ground motion characteristics of the database and facilitate
the characterization of the pertinent seismic risk. For illustration purposes, the developed
evolutionary model is presented in detail for two example NGA seismic records together with
their respective deterministic model parameter values.
2.2 Introduction
The rising interest in performance-based earthquake engineering coping with structural per-
formance from the linear range to nonlinear to collapse [25], in parallel to modern code
requirements, has enhanced the need for reliable, diverse and realistic earthquake accelera-
tion motions [47]. The complex structural response is known to be highly dependent upon
a proper characterization of the seismic motion, which inherently exhibits both magnitude
and frequency non-stationarities. Among the consequences of the spectral non-stationarity
is the moving resonance effect, e.g. [13, 97]. Naturally, the availability of actual recorded
seismic motions pertaining to certain earthquake scenarios can turn out to be quite limited
or non-existent. Therefore, engineers are frequently forced to scale the recorded motions
and/or modify their spectral content [1]. This procedure, mainly motivated by necessity, is
fraught with specific concerns regarding the resulting potentially unrealistic seismic ground
motion representation.
One alternative to this process is to use simulated seismic waveforms with representative
characteristics of possible earthquake ground motions at the site/region of interest. Apart
from overcoming the record modification concerns, the description of the earthquake hazard
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in the form of simulated waveforms provides a meticulous characterization of the seismic risk
related to structural systems, extending in large spatial domains, which cannot be achieved
by the scaling of actual records. Furthermore, stochastic ground motion models can be
straightforwardly implemented in stochastic dynamic analysis by using the abundance of
refined methods in this field, e.g. [35,40,45,69].
The aim of this work is to discuss this approach and propose a rigorous, as well as
practical, scientific method to realize this simulation option. The existing models for the
stochastic simulation of earthquake ground motions are classified in three main categories.
The first category, usually referred as ‘source-based’ models, comprises physical models that
are heavily dependent on seismological principles and describe the fault rupture mechanism
and resulting propagation of seismic waves, e.g. [18,23,48,50,70]. These models have signif-
icant potential for engineering practice but unfortunately have not yet reached a practical
status for real engineering applications, since they require significant computational resources
and thorough knowledge of a variety of seismological parameters describing the earthquake
source and the seismic wave travel path. Another complication is that these models are
typically experiencing difficulties capturing the local site response of the site in question.
The second category consists of models developed to generate simulated waveforms either
similar to a target seismic record, forming the ‘site-based’ model category, e.g. [57, 76], or
compatible to a designated response spectrum, constituting the ‘spectrum-compatible’ model
category, e.g. [26, 46]. Site-based models can effectively characterize the stochastic nature
of the ground motion by fitting to a target seismic record obtained at a specified site and
local soil conditions. Comprehensive formal literature reviews can be found in [32, 76, 81]
describing different models including those based on filtered white noise random processes
[52,76,92,101], filtered Poisson processes [59,60], Auto-Regressive Moving-Average (ARMA)
models [33, 36, 64], spectral representation of stochastic processes [32, 35, 41, 49, 57, 98] and
finally stochastic wave theory [37,38,39,83,84].
While the models of the above mentioned category can exploit the techniques in the field
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of stochastic dynamics, which is a very significant attribute, they do not offer any other
considerable advantage in comparison to the practice of modification of actual records, since
they cannot provide acceleration time-histories based on future earthquake scenarios and do
not usually take into account the uncertainty of their model parameters, thus being unable
to reflect the natural variability of the earthquake ground motions [26]. It is hence mainly
for this reason that these models are not broadly used in current earthquake engineering
practice and the much simpler procedure of record scaling is typically preferred.
The stochastic ground motion model introduced in this work belongs to the third cat-
egory, which encompasses analytical ‘site-based’ stochastic ground motion models that are
capable of parameterizing the earthquake ground motion and practically consider the in-
herent stochasticity in their model parameters in order to capture the natural variability of
the seismic ground motions. Models of such kind are of a limited number, mainly because
accessible databases with large amount of reliable seismic waveforms only recently became
available. In one of the first attempts, Yeh and Wen in 1990 [101] revisited a model origi-
nally formulated by Grigoriu et al. in 1988 [49], resulting in a 13 parameter model that is
characterized by an amplitude modulating function and a transformation of the time scale,
the function of which is to modulate the frequency content of the well known stationary
Kanai-Tajimi model [52,92]. Sabetta and Pugliese in 1996 [79] expressed the non-stationary
spectral density of the ground motion with a lognormal spectral distribution at each time
instant, followed by a lognormal envelope function that was taking into account the P and
S waves arrival times. Pousse et. al in 2006 [71] revisited the model suggested by Sabetta
and Pugliese [79] using a ω-square frequency model and a new amplitude modulating func-
tion. Stafford et al. in 2009 [90] developed a new energy-based envelope function, ignoring
however the frequency non-stationarity of the ground motion. In 2008, Rezaeian and Der
Kiureghian [76,77] developed a stochastic model based on a single degree of freedom linear os-
cillator, which served as a time-varying linear filter to describe the frequency non-stationarity
of the seismic motion, and an amplitude modulating function. In their effort to formulate
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a relatively simple model that can be of practical use, they had to make some assumptions
that are unfortunately not always fully supported by actual data, such as the linear tempo-
ral variation of the ground motion’s dominant frequency. Finally, in 2013, Yamamoto and
Baker [100] presented a wavelet-based model, employing a total number of 13 parameters.
The resulting model is the only one to date in this category capable of directly simulating
ground motions based on multi-modal non-stationary spectral densities. A total number
of 4 independent random variables are employed for each wavelet packet, quadrupling the
simulation required variables as compared to other methods and making its use in the field
of stochastic dynamics and its expansions towards simulation of spatially correlated seismic
waveforms rather complicated.
This work presents the formulation of a new stochastic earthquake ground motion model,
characterized by physically interpretable parameters that are capable of effectively modeling
the complex evolutionary nature of the phenomenon. The suggested model is based on
a novel multi-modal, analytical, non-stationary spectral version of the well-known Kanai–
Tajimi (K–T) model [52,92]. The frequency and amplitude modulated Kanai-Tajimi model
was first introduced by Deodatis and Shinozuka in 1988 [36], while Lin and Yong suggested
a more restrictive form, employing the theory of random pulse trains, that same year [60].
The model presented in this work is the first fully analytical model to date that is capable
of directly and efficiently describing multi-modal evolutionary power spectral densities. The
evolutionary K–T model analyzed in this work is bimodal, without any loss of generality
regarding the number of modes that can be modeled and/or their modeling procedure.
The newly introduced bimodal K–T model and the developed functional forms that can
describe the temporal evolution of its parameters are presented in the next sections and
are capable of representing strongly non-stationary spectral densities. The analysis space,
where the analytical forms describing the evolution of the model parameters are established,
is the energy domain, instead of the typical use of the time domain. This is followed by
the introduction of a newly defined energy-associated amplitude modulating function. The
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analytical form of the suggested model facilitates the simulation of sample realizations by the
Spectral Representation Method (SRM) [35, 57, 82, 87], which is based on the evolutionary
spectral theory of Priestley [72,73]. The SRM is of particular interest in the fields of random
vibrations and stochastic dynamics, and it also has the capacity to accommodate the spatial
variation of the simulated ground motions [35,58,87,102].
The formulation of the new bimodal evolutionary Kanai-Tajimi model is presented in the
following sections. The parametric forms necessary for the description of the time-varying
model parameters are provided, together with the energy domain description that serves
as the selected analysis space. A subset of the NGA strong motion database [2, 4] is se-
lected in order to test the capabilities and versatility of the proposed stochastic model. The
used database is thoroughly analyzed and sample observations of the model parameters are
obtained by fitting the evolutionary model to its records. The natural variability of the
database seismic ground motions is depicted through the model parameters and their result-
ing marginal probability distributions together with their estimated covariance structure,
effectively describe the evolutionary characteristics of the database seismic motions and fa-
cilitate the characterization of the pertinent seismic risk. The necessity of post-processing
the model’s sample realizations is highlighted and a simple filtering process is suggested.
Detailed sample fits of the time-varying model parameters are presented for illustration pur-
poses with respect to two example NGA seismic records and their respective deterministic
model parameter values are provided as well. Sample acceleration realizations are also shown,
together with derived velocity and displacement time-histories and elastic response spectra
realizations pertaining to the two seismic record examples.
2.3 Selected Database
A subset of the NGA West [2, 4] strong motion database is used for the purposes of this
study allowing for the verification of the suggested stochastic ground motion model through
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demonstration of its capabilities of efficiently reflecting the natural variability of the evo-
lutionary seismic motions. The selected data comprise Californian seismic records that are
compliant with the following criteria: (1) the seismic motions were produced by Strike-Slip
(S-S) faulting mechanisms and (2) they were recorded at sites of Soil Class D according to
the NEHRP, with shear-wave velocity VS30 in the range of 180-360 m/s; (3) the recordings
are representative of free-field site conditions; (4) the earthquakes occurred within a shallow
crustal and tectonically active region; (5) the time-histories are recorded in a reliable and
consistent manner and all necessary information is available (both horizontal components are
recorded, top 30 m shear-wave site velocity is known or estimated, fault characteristics are
documented, etc); (6) the closest distance between the site and the ruptured area (Rrup) is
between 10 km and 100 km, avoiding the inclusion of either near-fault behavior or quite low
amplitude records; (7) aftershock events are excluded. A more detailed description of the
above mentioned selection criteria can be found in the work of Campbell and Bozorgnia [27].
Two hundred (200) representative seismic records from the State of California are chosen
and the selected database summary can be found in Table 2.1.
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Earthquake Name Earthquake NGA ID Earthquake Magnitude (Mw) Number of Records
1 Anza (Horse Canyon)-01 55 5.19 4
2 Big Bear-01 126 6.46 24
3 CA/Baja Border Area 165 5.31 10
4 Chalfant Valley-01 102 5.77 6
5 Chalfant Valley-02 103 6.19 16
6 Hector Mine 158 7.13 28
7 Hollister-04 98 5.45 4
8 Imperial Valley-06 50 6.53 28
9 Landers 125 7.28 24
10 Livermore-01 53 5.80 6
11 Morgan Hill 90 6.19 22
12 Parkfield 25 6.19 2
13 Superstition Hills-01 115 6.22 2
14 Superstition Hills-02 116 6.54 16
15 Westmorland 73 5.90 4
16 Yorba Linda 167 4.27 4
Table 2.1: Selected Californian records characterized by Strike-Slip (S-S) faulting mecha-
nisms and NEHRP Soil Class D
2.4 Non-Stationary Spectral Estimation Method
The fully non-stationary spectral estimation of the earthquake ground motion records is per-
formed by employing the Short-Time Multiple-Window estimation technique as formulated
and presented in great detail by Conte and Peng [32]. Thomson in his seminal work [93], try-
ing to remedy the dominant problems of bias control and leakage in the spectral estimation
of stationary finite-sample data, introduced the Multiple-Window spectral estimation tech-
nique. The aforementioned technique is computationally equivalent to using the weighted
average of a series of direct spectral estimates by Fourier Transform based on orthogonal
leakage-resistant windows (discrete prolate spheroidal sequences, DPSS). The pairwise or-
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thogonality of the employed window functions ensures the statistical independence of the
windowed estimates of the underlying power spectrum. The resulting averaged stationary
power spectrum is a consistent estimator of the true spectrum, not hampered by the usual
trade-off between bias and spectral leakage, translated as blurring of non-zero-power fre-
quency components. The usual assumption in non-stationary spectral analysis is the local
stationarity associated with the target process. The Short-Time Fourier Transform (STFT)
employs the local stationarity assumption and evolutionary spectral estimates are produced
through a single moving time-window extracting the spectral information from sequential
signal segments. Conte and Peng [32] successfully extended Thomson’s method to the field
of non-stationary spectral analysis by combining the Multiple-Window technique with the
local stationarity assumption of the STFT. Multiple orthogonal leakage-resistant moving
time-windows are employed to extract the spectral content of each signal segment resulting
in the fully non-stationary spectral estimation of the whole signal through weighted average
of the multiple local spectra. The key factor in this approach is the number of the overlapping
multiple windows together with their length selection, where the latter governs the balance
between sufficient time and frequency resolution. Two 3 sec Hann windows are adequate for
this work, with respect to this well-known resolution issue.
2.5 Evolutionary Multi-Modal Spectral-Based Model
2.5.1 Evolutionary Bimodal Kanai-Tajimi Model
The developed parametric, multi-modal, fully non-stationary spectral model in this work is
based on the superposition of classic unimodal Kanai-Tajimi expressions [52, 92]. Without
any loss of generality, a bimodal version will be presented in this work which is deemed
adequate for the objectives of this work. Higher multi-modal expressions follow the exact
same logic and procedures and can perhaps capture more refined non-stationarities, but
undoubtedly come at the cost of a higher parametric space and increased complexity. The
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employment of a high-pass filter is also required since it appropriately reduces the spec-
tral energy content in the lower-frequency range of the simulated samples, e.g. [58, 76, 102],
remedying the resulting signal contamination due to long-period noise, while eliminating at
the same time the well-known problem of the Kanai-Tajimi models having non-zero energy
at the zero-frequency component, [30]. The developed bimodal evolutionary model is thus
expressed as:



























where SXX (f, t) is the evolutionary model power spectrum at frequency f and time t, HP (f)
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varying modal dominant frequency, modal apparent damping ratio and modal participation
factor with respect to the kth mode respectively. It is very important to outline at this point
the numbering convention with respect to the modes. The modal numbering is directly
associated with the numerical value of the respective modal dominant frequencies, being
ordered in an ascending way, i.e. f (1)g (t) is always the numerically smallest modal frequency.
In the following sections all components of Eq. (2.1) are analyzed and explained in detail.
2.5.2 High-pass Butterworth Filter
The type of the high-pass filter used does not influence the filtered output that strongly as
shown by Boore and Bommer [20]. It is instead the corner frequency, also known as the
cut-off frequency, that is most influential and its selection should be performed with care.
Following the practice of the Pacific Earthquake Engineering Research Center (PEER), the
US Geological Survey (USGS) and the California Strong Motion Instrumentation Program
(CSMIP), a 4th order Butterworth high-pass (low-cut) filter is chosen in this study. Using
a higher order filter would produce a sharper filtering behavior, decreasing the length of
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the transition region between the suppressed band-stop region and the unaffected band-pass
region of the frequency content. Nonetheless, ringing is noticeably present in the impulse
response of higher order filters in the form of prolonged undesirable low amplitude zero-mean
oscillations. The non-dimensional energy content of the transfer function of the deterministic
high-pass Butterworth filter is expressed as:
|HP (f)|2 = (f/fc )
2N
1 + (f/fc )
2N
(2.2)
where N = 4 indicates the order of the filter and fc is its corner frequency. The corner
frequency is defined as the half-power point, since |HP (fc)|2 = 12 .
The numerical simulation of the ground motion waveforms may result in the generation
of undesirable high amplitude low-frequency components that can contaminate the simu-
lated signals. Following Liao and Zerva [58], the corner frequency is thus selected in a purely
numerical way such that most of the low-frequency components of the ground motion, cor-
responding to periods longer than the duration Td of the example record, are practically
eliminated by specifying a low amplitude energy threshold for the frequency fd = 1/Td . The
adopted energy threshold Hd for periods longer than Td is set to 0.1% uniquely defining the






where fc ∈ [0.10, 0.25] Hz. The suggested bounds prohibit possible excessive filtering of
waveform components with periods shorter than 4 sec and facilitate the proper filtering of
components with periods longer than 10 sec.
2.5.3 Model Parameters Identification
Employing the Short-Time Multiple-Window non-stationary spectral estimation technique as
outlined in Section 2.4, in conjunction with the bimodal evolutionary Kanai-Tajimi model
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in Eq. (2.1) and the deterministic Butterworth filter in Eqs. (2.2)–(2.3), allows for the
estimation of the model parameters as shown below. The positive 6-parameter set x̂t ={
f̂
(1)
g (t) , ζ̂
(1)
g (t) , Ŝ
(1)
o (t) , f̂
(2)
g (t) , ζ̂
(2)




is identified as the best estimator of the
true positive parameter time-varying set xt of an example seismic record in the non-linear
least-squares sense. The minimization is performed over the entire frequency domain and
can be expressed as:







XX (f, t)− SXX (f, t,xt)
)2
df (2.4)
where S(s-t)XX (f, t) is the evolutionary spectral estimate of the signal as obtained by the Short-
Time Multiple-Window technique described in Section 2.4, SXX (f, t,xt) is the model power
spectrum of Eq. (2.1) for which the parameter set x̂t is sought and t ∈ [0, Td] with Td being
the total duration of the target seismic record. The identified parameters can effectively
represent the evolutionary power spectrum S(s-t)XX (f, t) and the procedure is applied to the
entire database as in Section 2.3. It is important to note that for the sake of notation clarity
and convenience, the parametric forms describing the temporal evolution of the parameters
of the identified set x̂t will be presented in the following sections without hats.
2.5.4 Transformation of Time-Domain to Energy-Domain
One of the innovative characteristics of this work is that the analysis space, where the para-
metric forms describing the temporal evolution of the previously identified spectral charac-
teristics x̂t are established, as shown soon after, is the cumulative energy domain instead of
the typical time domain. Due to this choice, the modeling of the evolving spectral content
becomes more accurate in the strong shaking part of the ground motion, where the greatest
interest for engineering purposes lies, since the effects of the noticed prolonged weak motion
parts are minimized (at the beginning and/or the end of the seismic records). The adopted
energy definition is the non-dimensional cumulative integral of the seismic record squared
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where t ∈ [0, Td] and ε (t) ∈ [0, 1] is the non-dimensional cumulative energy contained in the
[0,t] fraction of the target record x (t). In essence, Eq. (2.5) provides a nonlinear mapping
between the time domain and the non-dimensional cumulative energy domain that allows
higher resolution in the high amplitude part of the seismic ground motion.
2.5.5 Analytical Forms Expressing Temporal Evolution of Model Parame-
ters
Non-linear least-squares optimization methods have been used in this work to determine the
appropriate parameter values associated with the fitting of the developed analytical forms
to the identified evolutionary characteristics of the NGA records. Detailed sample fits of
the analytical expressions describing the temporal evolution of the model parameters are
provided with respect to two example NGA seismic records, demonstrating the versatility
of the developed analytical model. The first seismic record is the component 70 of the San
Ramon Fire Station recording (NGA Sequence No: 215) of the Livermore-01 1980 earthquake
(Mw = 5.8), whereas the second one is the component 320 of the Cholame - Shandon Array
#8 recording (NGA Sequence No: 31) of the Parkfield 1966 earthquake (Mw = 6.19). It is
important to note that all parameter values of the fitted functional forms, pertaining to the
two seismic record examples, can be found in Table 2.4 of the Appendix of Chapter 2.
2.5.5.1 Dominant Modal Frequencies
The evolutionary nature of the frequency content of seismic ground motion records is due
to the non-concurrent arrival of the different types of seismic waves intermingling at the
local site in question, as a result of their different propagating velocities. The body waves,
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P and S, arrive faster compared to the surface waves, Rayleigh and/or Love waves, with
the S waves typically comprising the dominant portion of the strong motion part of the
seismic recordings. Body waves are typically characterized by a higher frequency content in
comparison to surface waves and are attenuated more as the source-to-site distance increases.
Furthermore, local site conditions can significantly amplify the long period spectral energy.
As a result of this apparent complexity, the dominant modal frequencies for a number of
distinct earthquake recordings cannot be accurately characterized by one specific temporal
pattern, such as a linear one for example. For this reason, a versatile parametric expression
is established and used in this work, capable of effectively describing different patterns of
temporal variation, which are typically of a decaying nature for the dominant frequencies.








in the non-dimensional energy domain ε (t) of Eq. (2.5), is given as:










for k = 1, 2 and {Qk, αk, βk} being the parameters of the analytical form with respect to the
kth mode, where αk, βk ∈ < and Qk > 0 . In Fig. 2.1 two examples of the aforementioned
expression are provided for both modes with respect to the two example seismic records,








values, from Section 2.5.3, while the thick red and blue lines indicate the
outcomes of Eq. (2.6).
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fitting for the two NGA seismic
record examples.
2.5.5.2 Modal Apparent Damping Ratios
Considering the damping ratio as the signal bandwidth, there are observations according to
which the signals exhibit a trend of having broader bandwidth at their beginning and end, e.g.
[76]. This is due to the fact that the body S waves are typically dominant and the bandwidth
is expected to be narrower when they are prevalent. On the other hand, one may approach
the apparent damping as the equivalent viscous damping of a complex system experiencing
material damping, which is known to be amplitude dependent, therefore resulting in higher
apparent damping during the strong motion part of the record. Furthermore, considering
the high sensitivity of the damping ratio identification process and aiming to a sophisticated
but also concise model, the modal apparent damping ratio is considered a constant, however
different for each mode. It is eventually calculated as the averaged identified damping ratio
in the strong shaking part of the seismic record, which is defined as the ground motion part
between 5% and 95% of the seismic record energy. The modal apparent damping ratio is
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thus given as:







∣∣∣∣ ε ∈ [0.05, 0.95]
}
(2.7)
for k = 1, 2, where {} denotes the averaging operator.
2.5.5.3 Modal Participation Factors








are not directly associated to
the spectral energy carried by each mode and thus their numerical values only characterize
the linear combination of the modes, as in Eq. (2.1), that minimizes the objective function
of Eq. (2.4). Hence, their relative values are far more important compared to their absolute
ones, resulting in their normalization by the first modal participation factor. As a result,
the logarithmic normalized modal participation factors are defined as follows:
S
(k)











for k = 1, 2. The definitions of Eq. (2.8) result in S(1)o (ε) = 1 and R̂(1) (ε) = 0 . Due to the
versatile and often oscillatory character of the second logarithmic normalized participation
factor, its modeling needs to be performed with a flexible parametric expression. The chosen
analytical form is a mixture of two bell-shaped Gaussian functions, as follows:

















F (I), F (II)
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rameters controlling the width of the ‘bells’. The scaling factors F and the width-controlling
parameters σ are not allowed to take negative values. The labeling of this parametric set is




, assigning always the numerically smaller
value of the two identified peak locations to µ(I) and the larger to µ(II). One can always
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return to the physical space of the normalized modal participation factors as:
S(1)o (ε) = 1 , S
(2)
o (ε) = 10
R(2)(ε) (2.10)
where, as already mentioned before and consistent with the rest of the work, the parametric
expressions describing the temporal evolution of the model parameters are presented without
any sort of mathematical accents. In Fig. 2.2, two examples of the fitted R(2) (ε) expression
are provided with respect to the two record examples of the Livermore-01 and Parkfield
earthquakes, along with the associated record identified values, R̂(2) (ε), represented by a
thin black line.






























Figure 2.2: Logarithmic normalized modal participation factor R(2) (ε) fitting for the two
NGA seismic record examples.
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2.5.5.4 Energy Accumulation and Amplitude Modulating Function
The analytical form of the resulting fitted bimodal evolutionary power spectral density is
given until now as:





























where ε (t) is the non-dimensional energy accumulation of the seismic record x (t), as in Eq.
(2.5). The use of the normalized form of the modal participation factors, as in Eq. (2.8),
results in the non-uniform temporal modulation of the power spectral intensity. In order
to rectify the modulated signal intensity, the evolutionary power spectrum in Eq. (2.11)
is converted to unit-variance at each time instant through equating its integral over the
entire frequency domain to unity, subsequently followed by the introduction of an amplitude
modulating function z (t), as follows:
SXX (f, t) = z






























To generally express the parameters in Eq. (2.12) in the time domain, a parametric form
is required to describe the non-dimensional energy accumulation over time, as defined in Eq.
(2.5). The following analytical form is proven to effectively portray this measure pertaining












where {γ, δ} are positive scale and shape parameters respectively and Td is the duration of
the seismic record x (t).
It is also demonstrated that there is a remarkable connection between the amplitude mod-
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ulating function introduced in Eq. (2.12) and the energy accumulation function described
in Eq. (2.13). Consider the following slightly different definition of the accumulated energy,














where ε (t) ∈ [0, Ix] is the dimensional cumulative energy of the seismic record x (t) , with




x2 (τ) dτ (2.15)
Equating the energy accumulation at time t ∈ [0, Td] with the cumulative evolutionary spec-






SXX (f, τ)dfdτ (2.16)




z2 (τ) dτ (2.17)
Finally, Eqs. (2.14) and (2.17) lead to the following definition of the amplitude modulating




















As shown, the modeling of the energy accumulation function serves two distinct and very
important goals: the first one is the mapping between the time and energy domains and
the second one is the simultaneous formation of the required amplitude modulating function
z (t), responsible for the time modulated signal intensity. In Fig. 2.3, the fitted dimensional
version of the cumulative energy ε (t) expression in Eq. (2.14) is provided for the two seismic
record examples of the Livermore-01 and Parkfield earthquakes, along with their associated
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cumulative energy represented in thin black line.
The parametrization of the cumulative energy distribution over time allows the explicit
definition of the entirety of the time-varying model spectral quantities in the typically used
time domain. In Fig. 2.4, the fitted expression for the two dominant modal frequencies of
Eq. (2.6), pertaining to the two NGA record examples, are displayed in the time domain
in thick colored line, along with the associated identified dominant frequencies represented
in thin black line. It is important to note at this point that Figs. 2.1 and 2.4 represent
identical time-varying spectral information, with Fig. 2.1 showcasing the evolution of the
modal frequencies in the cumulative energy domain, in contrast to the used time domain in
Fig. 2.4.













































Figure 2.3: Energy accumulation function ε (t) fitting for the two NGA seismic record ex-
amples.
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two NGA seismic record examples.
2.6 Ground Motion Simulation Based on the Developed Evolution-
ary Bimodal Kanai-Tajimi Power Spectrum
In this section, the necessary steps for the numerical simulation of earthquake ground motions
based on the model power spectrum in Eq. (2.12) are described. The model is completely
defined in parametric form facilitating the simulation of ground motion sample realizations
through the Spectral Representation Method (SRM). The SRM also has the capability to
accommodate the spatial variation of the simulated ground motions [35, 58, 87, 102], with
three components in the most general case.
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2.6.1 Construction of the Discretized Evolutionary Bimodal Power Spec-
trum
The time domain of the sample realizations is defined in discretized form adopting a constant
time-step ∆t as:
ti = i∆t, i = 0, 1, ...,M, M∆t = Td (2.19)
where M + 1 is the total number of time-points and Td is the desired duration of the sample
realizations. The non-linear mapping between the time domain and the non-dimensional
cumulative energy domain requires Eq. (2.13) in conjunction with the energy parameter set
Pε defined as:
Pε = {γ, δ} (2.20)
This non-linear mapping results in the discretized form of the non-dimensional energy domain
as:
εi , i = 0, 1, ...,M , ε ∈ [0, 1] (2.21)








are given by Eq. (2.6) in
conjunction with the modal frequency parameter set Pfg defined as:
Pfg = {Q1, a1, β1, Q2, a2, β2} (2.22)
The modal apparent damping ratios are given by Eq. (2.7) and they jointly form the modal
















are given by Eqs.
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(2.9)–(2.10) through the modal participation factor parameter set PSo defined as:
PSo =
{
F (I), µ(I), σ(I), F (II), µ(II), σ(II)
}
(2.24)
The squared amplitude modulating function z2 (t) is given by Eq. (2.18) together with the
energy related parameter set Pε and the seismic record’s total energy content Ix in Eq.
(2.15). It is important to note that the mapping between the time and energy domains is
an one-to-one mapping, capable of fully defining the energy domain, resulting naturally in
the following identities:
f (k)g (ti) ≡ f (k)g (εi), S(k)o (ti) ≡ S(k)o (εi), z2(ti) ≡ z2(εi) (2.25)
for k = 1, 2 and i = 0, 1, ...,M .
The frequency domain of the model is discretized adopting a constant frequency-step,
∆f , as:
fj = j∆f, j = 0, 1, ..., (N − 1) , (N − 1) ∆f = fu (2.26)
where N is the total number of frequency points and fu is the upper cut-off frequency of
the evolutionary power spectrum, above which the latter can be considered of possessing
negligible power for either mathematical or physical reasons. Finally, the resulting model
power spectrum of Eq. (2.12) is given in its discretized form as:
SXX (fj, ti) = z






























for k = 1, 2 , i = 0, 1, ...,M and j = 0, 1, ..., (N − 1). The resulting model power spectrum
of Eqs. (2.12) and (2.27) requires 18 parameters in order to represent the evolutionary
characteristics of a seismic motion time history. The required model parameters collectively
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form the model parameter set PK−T defined as:
PK−T =
{
Pε,Pfg ,Pζg ,PSo , Ix, Td
}
(2.28)
where Pε, Pfg , Pζg , PSo are the model parameter sets of Eqs. (2.20), (2.22)–(2.24) and
Ix is the total energy content of the seismic record x (t) in Eq. (2.15), with duration Td.
The evolutionary spectral estimates S(s-t)XX (f, t) of the two seismic record examples of the
Livermore-01 and Parkfield earthquakes are provided in Fig. 2.5, along with the associated
model evolutionary spectra SXX (f, t). The evolutionary power spectra in Fig. 2.5 are plotted
in non-dimensional normalized form for visualization purposes. The absolute magnitudes of
the spectra are directly associated with the energy accumulation function ε (t) fits, provided
in Fig. 2.3.
Following the description of the model, the Spectral Representation Method (SRM)
[35, 57, 82, 87] can be engaged in a straightforward manner for the stochastic ground mo-
tion simulations. The SRM for simulation of scalar and vector Gaussian non-stationary
processes/fields was first proposed in the pioneering work of Shinozuka and Jan [87].
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(d) Parkfield: Model Power Spectrum
Figure 2.5: Estimated power spectra S
(s-t)
XX (f, t) versus model power spectra SXX (f, t) for
the two NGA seismic record examples.
2.6.2 Evolutionary Spectral Theory for Oscillatory Processes
The SRM relies on the theory of evolutionary spectral representation developed by Priestley
[72,73]. Therefore, prior to introducing the SRM simulation procedure itself, a brief overview
of Priestley’s theory is provided. Consider a complex-valued, zero-mean stochastic process
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x0 (t) and define its autocorrelation function (ACF) as:
Rx0x0 (t, t+ τ) = E [x
∗
0 (t)x0 (t+ τ)] (2.29)
where E[·] and asterisk denote the expectation operator and the complex conjugate respec-
tively. The focus here is on the class of processes for which there exists a family F of real
functions {ϕ (ω, t)} and a real measure µ (ω), such that the autocorrelation function admits
the following representation :
Rx0x0 (t, t+ τ) =
∫ +∞
−∞
ϕ∗ (ω, t)ϕ (ω, t+ τ) dµ (ω) (2.30)
It is shown [72] that whenever the autocorrelation function admits the above mentioned





ϕ (ω, t) dZ (ω) (2.31)
where Z (ω) is an orthogonal process with the following properties:












= S (ω) dω (2.33)
where S (ω) is the associated power spectral density function.
In general, a wide spectrum of functional families exists such that the process x0 (t) may
be represented as in Eq. (2.31). The selection of the functional family is in some sense
analogous to the selection of a basis for a vector space and thus rendered as non-unique. For
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stationary processes, a typical choice is the family of complex sinusoidal waves:
ϕ (ω, t) = eiωt (2.34)
However, the complex exponential family is not valid for representation of non-stationary
processes. In order to preserve the physically helpful concept of frequency for the case of
non-stationary processes, new families should be sought in which the notion of frequency
is still dominant. A convenient choice is the ‘oscillatory ’ family of amplitude modulated
complex sinusoidal waves, which under certain conditions admits the form [72,73]:
ϕ (ω, t) = A (ω, t) eiθ(ω)t (2.35)
where the A (ω, t) is a slowly varying modulating function.
If there exists a family of ‘oscillatory ’ functions {ϕ (ω, t)}, in terms of which the stochastic
process x0 (t) has a representation of the form in Eq. (2.30), the process x0 (t) will be termed
an ‘oscillatory process ’. The autocorrelation function of such a stochastic process can be
represented as:
Rx0x0 (t, t+ τ) =
∫ +∞
−∞
A∗ (ω, t)A (ω, t+ τ) eiωτS (ω) dω (2.36)




A (ω, t) eiωtdZ (ω) (2.37)
For τ = 0, the ACF of Eq. (2.36) yields:
Var [x0 (t)] = Rx0x0 (t, t) =
∫ +∞
−∞
|A (ω, t)|2S (ω)︸ ︷︷ ︸
Sx0x0 (ω,t)
dω (2.38)
which leads to the definition of the evolutionary power spectrum of the ‘oscillatory ’ stochastic
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process x0 (t) [72] as:
Sx0x0 (ω, t) = |A (ω, t)|2S (ω) (2.39)
If the stochastic process x0 (t) is considered to be a physical process and thus real-valued,
then the ACF of Eq. (2.36) can be expressed as:






















The basic advantage of the evolutionary power spectrum is that it possesses the same
physical interpretation as the power spectrum of a stationary process. Namely, that it de-
scribes the energy distribution over the frequency domain. Nonetheless, whereas the latter is
determined by the behavior of the process over the entire time domain, the former specifically
represents the distribution of the spectral energy in the neighborhood of the time instant t.
2.6.3 Fully Non-Stationary Simulation with the Spectral Representation
Method
Consider a zero-mean, real-valued non-stationary stochastic process x0 (t) with two-sided
evolutionary power spectrum Sx0x0 (f, t) as in Eq. (2.12). In the following, distinction will be
made between the target stochastic process x0 (t) and the simulated stochastic process x (t).
The stochastic process x0 (t) can be simulated by the following series [57,87] as N →∞:
x (t) = 2
N−1∑
n=0
[2Sx0x0 (fn, t) π∆f ]
1/2 cos (2πfnt+ Φn) (2.42)
where Φn are independent random phase angles distributed uniformly over the interval [0, 2π].
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The remaining parameters in Eq. (2.42) are defined as:
∆f =fu/N
fn = n∆f , n =0, 1, ..., (N − 1)
(2.43)
while it is also assumed that:
Sx0x0 (f0 = 0, t) = 0 (2.44)
In Eq. (2.43), fu represents the upper cut-off frequency as defined in Eq. (2.26). The simu-
lated stochastic process x (t) is asymptotically Gaussian as N → ∞ due to the central limit
theorem. It can also be shown [57] that the ensemble average and the ensemble evolutionary
power spectrum of the simulated stochastic process x (t) are identical to the corresponding
mean and evolutionary power spectrum of the target stochastic process x0 (t), respectively:
E [x (t)] =E [x0 (t)] = 0
Rxx (t, t+ τ) =Rx0x0 (t, t+ τ)
(2.45)
and then it follows from Eq. (2.41) that:
Sxx (f, t) = Sx0x0 (f, t) (2.46)
2.6.4 Post-processing of the Simulated Seismic Accelerations
It has been long recognized that earthquake ground acceleration records require appropriate
filtering to yield realistic acceleration, velocity and displacement time-histories for the proper
characterization of the complex structural response. Displacement time-histories are partic-
ularly needed as input to computational models when the spatial variation of the ground
motion is also considered. A number of processing schemes have been thus proposed in
the literature and different techniques have been adopted by various earthquake engineering
agencies, see [8, 16,17,19].
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Following the simulation of seismic accelerations using the SRM, the velocity and subse-
quently displacement time-histories can be obtained through numerical integration. However,
the simulated acceleration waveforms can contain some undesirable, improper low-frequency
components, overestimating the structural response in the low-frequency range and resulting
in unrealistic velocities and displacements that can exhibit increasing erroneous drifts as time
increases. The developed filtering techniques to cope with these problems can be categorized
into two groups. The first group is capable of retaining naturally non-zero residual dis-
placements, whereas the second one guarantees zero residual displacements due to high-pass
(low-cut) filtering [17, 19]. Following the practice of the majority of earthquake engineering
agencies, a simple post-processing filtering scheme of the second kind is used in this work,
ensuring zero residual velocities and displacements together with complete compatibility
among the three component types of the simulated seismic motion, i.e. the integrated ac-
celeration sample is fully compatible with the respective velocity and displacement samples.
The suggested filtering process is summarized in the following 4 steps:
1. Subtract the mean value from the entire simulated acceleration time-history.
2. Apply a short, half-bell, sinusoidal tapering function in order to set both of the initial
and final values of the simulated acceleration equal to zero.
3. Apply causally the 4th order high-pass Butterworth filter of Section 2.5.2 to the simu-
lated acceleration.
4. Integrate the simulated acceleration in order to obtain the respective sample velocity
and displacement time-histories.
The mean value subtraction, also known as the zero-th order correction, is accountable
for a trend-free velocity time-history sample in the first step of the process. The causal
application of the high-pass Butterworth filter of Section 2.5.2 requires the padding of the
acceleration sample with trailing zeros. This zero padding extension of the simulated record,
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which may not begin and/or end with near-zero amplitudes, can result in spurious sharp
offsets in the padded sample, which are also responsible for the introduction of high-frequency
noise in the vicinity of the discontinuity. The tapering function of the second step is thus
responsible for smoothing such discontinuities. The choice of causal, instead of acausal,
filtering and its application needs to be performed cautiously. Causal filtering may result in
phase distortion of the waveform, depending on the selected corner frequency of the filter.
This shortcoming is however proven to be of no concern in this work, due to the use of small
corner frequency values, among others. On the contrary, acausal filtering does not result
in any phase distortion of the filtered waveform. However, acausal filtering is performed
through application of the filter twice, once from the beginning to the end of the sample
and then once more by time-reversing the signal and applying the filter from the end to the
beginning. Consequently, zero padding is required at both ends of the signal and this can
yield unnatural precursory ground motion transients. The zero padding length, pertaining
to the suggested causal filtering scheme, depends on the selected corner frequency value and
the order of the used filter, as empirically suggested by Converse and Brady [34]:
tpad = 1.5(N/2 )/fc (2.47)
where tpad is the zero padding length in seconds at the end of the simulated sample, N is the
order of the causal high-pass filter and fc is the selected corner frequency of the filter. It is
important to note at this point, that potential discarding of the padding parts after the post-
processing will practically result in invalidation of the filtering scheme, in incompatibility
among the ground motion components and finally in the overestimation of the structural
response in the low-frequency range [17].
In Fig. 2.6, the two NGA seismic record examples of the Livermore-01 and Parkfield
earthquakes are provided, together with one filtered sample acceleration time-history for each
of them. The associated simulated velocity and displacement time-histories are presented
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in Fig. 2.7. The integrated sample velocity and displacement time-histories are presented
over a longer time-span compared to the associated acceleration samples, allowing for the
attenuation of the free vibration part of the ground motion and thus resulting in zero resid-
ual velocities and displacements respectively. The pseudo-acceleration (5% damped) elastic
response spectra of the two seismic records are provided (in thick line) in Fig. 2.8, accompa-
nied by the response spectra from 100 realizations of the associated stochastic ground motion
models. It is observed in the response spectra of Fig. 2.8, that the actual response spectra of
both NGA record examples are very well contained within the range defined by the response
spectral ordinates of the associated sample realizations, demonstrating the versatility and
efficiency of the suggested evolutionary spectral modeling.
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(a) Livermore-01 1980, San Ramon Fire Station
(NGA No: 215), component 70

























(b) Parkfield 1966, Cholame - Shandon Array #8
(NGA No: 31), component 320
time (sec)






















(c) Simulated Acceleration of Livermore-01
























(d) Simulated Acceleration of Parkfield
Figure 2.6: The two NGA seismic records together with one simulated sample for each of
them.
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(a) Simulated Velocity of Livermore-01






















(b) Simulated Velocity of Parkfield





















(c) Simulated Displacement of Livermore-01





















(d) Simulated Displacement of Parkfield
Figure 2.7: Velocity and displacement time-histories integrated from the two simulated ac-
celeration samples.
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Figure 2.8: Pseudo-acceleration (5% damped) elastic response spectra for the two NGA seismic
records plotted together with 100 response spectra model realizations.
2.7 Stochastic Evolutionary Description of the Entire Selected
Database
In this section, a methodology is developed for generating suites of simulated acceleration
time-histories, which effectively describe the evolutionary characteristics of the entire set of
earthquake ground motion recordings in the selected database of Section 2.3 and thus reflect
the natural variability of the associated seismic ground accelerations. The selected database
is thoroughly analyzed and sample observations of the model parameters are obtained by
fitting the evolutionary power spectrum of the developed model to all 200 earthquake record-
ings in the database. The resulting marginal probability distributions of the model param-
eters can be effectively described by well-known probability models. The derived model
parameters are then translated to the standard normal space. Subsequently, the correlation
structure of the transformed parameters is estimated, resulting in the joint probabilistic de-
scription of the transformed parameter space by a multivariate normal probability model
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that characterizes the database seismicity. Samples of the joint distribution can be obtained
in the normal space. The fitted marginal probability models facilitate the translation of the
sampled parameters back to their physical space. Simulation of ground motion time-histories
based on the resulting model evolutionary power spectra can be performed in a straightfor-
ward manner, as described in detail in Section 2.6. The model realizations can effectively
describe the natural seismic variability contained in the entire analyzed database and can be
used in engineering analyses providing, among others, an alternative to the common practice
of selection and scaling of earthquake ground motions.
2.7.1 Fitted Probability Distribution Models
Following the identification of the model parameters pertaining to the entire database seis-
mic recordings, the marginal probability distributions of the model parameters are effectively
described by fitting well-known probability models. The probability distribution fitting is
based on the maximum likelihood method and a large number of appropriate candidate
probability models. The final fitted probability models together with their associated pa-
rameters are listed in Table 2.2. The chosen distribution models provide an excellent fit to
the available data, as can be seen in the normal probability plots of Fig. 2.9 in the Appendix
of Chapter 2. In these standard normal probability plots, the derived parameter data are
translated to the standard normal space through their fitted distribution models, shown in
Table 2.2, in order to illustrate the effectiveness of the fitting in a unified and consistent
manner. It is also important to note that for physical reasons, the t-distributions used in
this work have been truncated, as can be seen in Table 2.2.
The non-standardized Student’s t-distribution is used for the model parameters {F (I), µ(I),
F (II), µ(II)}. The probability distributions of these parameters are exhibiting heavy tails that
can be effectively modeled by a Student’s t-distribution, which is described by the following
48
















where ν is the number of degrees of freedom and Γ [·] is the gamma function. The Student’s
t-distribution can be generalized to the non-standardized Student’s t-distribution, also com-
monly referred as the location-scale t-distribution, introducing the location µ and scale σ
parameters as:
X = µ+ σT, T ∼ t (ν) (2.49)
where T is a random variable, following the t-distribution with ν degrees of freedom. The
random variable X is then said to be following the non-standardized Student’s t-distribution
with associated parameters {µ, σ, ν}. It is evident that the random variable X simulation
can be easily performed through simulating the t-distributed T variable with ν degrees of
freedom and then using Eq. (2.49).
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Parameter Probability Distribution Bounds µ (or a) σ (or b) ν Mean St. Dev.
γ Lognormal(µ, σ) (0,+∞) -1.603 0.545 0.234 0.137
δ Lognormal(µ, σ) (0,+∞) 0.827 0.553 2.664 1.594
Q1 Lognormal(µ, σ) (0,+∞) 0.738 0.585 2.482 1.586
α1 Normal(µ, σ) (−∞,+∞) 0.254 2.457 0.254 2.457
β1 Normal(µ, σ) (−∞,+∞) 1.129 2.536 1.129 2.536
Q2 Lognormal(µ, σ) (0,+∞) 1.590 0.490 5.529 2.880
α2 Normal(µ, σ) (−∞,+∞) 0.105 1.811 0.105 1.811
β2 Normal(µ, σ) (−∞,+∞) 0.909 2.071 0.909 2.071
ζ
(1)
g Beta(a, b) (0, 1) 2.996 8.300 0.265 0.126
ζ
(2)
g Beta(a, b) (0, 1) 3.344 13.551 0.198 0.094
F (I) non-stand. t-dist(µ, σ, ν) (0,+∞) 2.004 0.964 2.696 2.271 1.492
µ(I) non-stand. t-dist(µ, σ, ν) (−3, 3) 0.169 0.124 1.451 0.167 0.364
σ(I) Lognormal(µ, σ) (0,+∞) -1.550 1.036 0.363 0.504
F (II) non-stand. t-dist(µ, σ, ν) (0,+∞) 2.004 0.964 2.696 2.271 1.492
µ(II) non-stand. t-dist(µ, σ, ν) (−3, 3) 0.786 0.126 1.656 0.780 0.329
σ(II) Lognormal(µ, σ) (0,+∞) -1.595 0.940 0.316 0.376
Ix (cm
2/sec3) Lognormal(µ, σ) (0,+∞) 9.290 1.054 18873 26936
Td (sec) Lognormal(µ, σ) (0,+∞) 3.773 0.436 47.8 21.9
Table 2.2: Probability distribution models of the model parameters
2.7.2 Estimated Correlation structure of the Derived Model Parameters
After the marginal probability distribution fitting of the model parameters, their correlation
structure is estimated. The observed data are translated to the standard normal space,
where their covariance structure is estimated based on the maximum likelihood method,
resulting in the complete joint distribution modeling of the model parameters by a normal
multivariate distribution. Samples from the normal joint distribution can be easily obtained
and subsequently be mapped back to their physical space by using the fitted probability
models in Section 2.7.1. For mathematical convenience, let Xi denote the ith model parameter
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of the total parameter set PK−T of Eq. (2.28), FXi (xi) the associated cumulative distribution
function in Section 2.7.1 and xi a realized value of the respective model parameter, for
i = 1, 2, ..., 18. The empirical cumulative distributions are preferred in this subsection for
the mapping of the observed model parameters to the standard normal space for improved
accuracy. It should be clear, however, that for the normal probability plots in Fig. 2.9 of the
Appendix, the data translation is based on the fitted distribution models in Section 2.7.1
and not the empirical models, in order to test and illustrate the effectiveness of the fitting,
as already mentioned. The transformed standard normal model parameter is defined as Zi,
and zi is a realized value as:
zi = Φ
−1 [FEi (xi)] , i = 1, 2, ..., 18 (2.50)
where Φ−1 [·] denotes the inverse standard Gaussian cumulative distribution function and
FEi [·] the empirical cumulative distribution function. The maximum likelihood estimator Σ






(zi,n − zi) (zj,n − zj) , i, j = 1, 2, ..., 18 (2.51)
where zi,n denotes the nth sample observation of the transformed standard normal parameter
Zi, zi the associated sample mean and N = 200 is the total number of sample observations
for each model parameter, corresponding to the 200 records in the considered database. The
resulting covariance matrix can be found in Table 2.5 of the Appendix. Based on the size
of the data set, the lower correlation values in that Table should be interpreted cautiously.
The higher correlation values are observed among the transformed model parameters of the
modal frequencies parameter set Pfg in Eq. (2.22). This is a physically expected result
evincing that the different spectral modes of the ground motion are well correlated, despite
their inherent stochastic nature. The estimated correlation coefficients ρ with the highest
values for the modal frequencies parameters are given in Table 2.3, as a snapshot of the full
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covariance matrix in the Appendix of Chapter 2.
ρ (Q1, α1) ρ (Q1, β1) ρ (Q1, Q2) ρ (α1, β1) ρ (α1, α2) ρ (α1, β2) ρ (β1, α2) ρ (β1, β2) ρ (α2, β2)
0.56 0.53 0.83 0.95 0.56 0.53 0.58 0.60 0.97
Table 2.3: Estimated correlation coefficients for the modal frequencies parameters
The complete description of the multivariate normal model can be hence expressed as:
Z = [Z1, Z2, ..., Z18]
T
Z ∼ N (0,Σ)
(2.52)
A simple and efficient method to draw a sample vector z(s) from the multivariate normal
distribution of Eq. (2.52) is summarized in the following 3 steps:
1. Find a real matrix R that satisfies the equation RRT = Σ. The Cholesky decomposition
method is typically used for this purpose.
2. Simulate a vector θ, consisting of 18 independent standard normal variates, by any
suitable method preferred.
3. Let z(s) be Rθ. The resulting vector is proven to follow the multivariate normal model
of Eq. (2.52).
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, i = 1, 2, ..., 18 (2.53)
where x(s)i denotes the sample realization of the i
th model parameter in the physical space,
z
(s)
i the associated sample realization in the standard normal space, F
−1
Xi
[·] the inverse fitted
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cumulative distribution function of the ith model parameter in Table 2.2, and Φ [·] the stan-
dard Gaussian cumulative distribution function. Given the sample model parameter set x(s),
the construction of the evolutionary model power spectrum and the subsequent ground mo-
tion simulation are performed in a straightforward manner, as explained in detail in Section
2.6. Based on different sample sets x(s), the resulting ground motion realizations can effec-
tively characterize the various evolutionary patterns of the entire seismic record database
and reflect the variability of the seismic ground motions.
2.8 Summary
A new analytical ‘site-based’, non-stationary, spectral stochastic ground motion model is
presented, being associated with physically interpretable parameters. The new model is
based on a novel multi-modal, non-stationary version of the well known Kanai-Tajimi model
and is the first fully analytical model that is capable of directly and efficiently describing
multi-modal evolutionary power spectral densities, allowing for a more accurate description
of the spectral energy distribution over time. The evolutionary K-T model analyzed in this
work is bimodal, without any loss of generality regarding the number of modes that can
be modeled and/or their modeling procedure. The formulated evolutionary model together
with the analytical expressions describing the temporal variation of the model parameters
can effectively represent strongly non-stationary spectral densities. The cumulative energy
domain is introduced as the analysis space, instead of the typically used time domain. The
analytical form of the suggested model facilitates the simulation of model sample realizations
through the Spectral Representation Method.
A subset of the NGA strong motion database is selected in order to test the efficiency
and versatility of the developed model. The selected database is thoroughly analyzed and
the evolutionary model is fitted to its records, allowing for the consideration of the inherent
stochasticity of the model parameters. The natural variability of the entire database of
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200 seismic ground motions is depicted through the model parameters, and their resulting
marginal probability distributions, together with their estimated covariance structure, form
a joint probability model that effectively describes the evolutionary characteristics of the
database seismic motions and facilitates the characterization of the pertinent seismic risk.
The resulting model sample realizations can be used in engineering analyses, providing an
alternative to the common practice of selection and scaling of actual seismic records. Detailed
sample fits of the time-varying model parameters regarding two example NGA seismic records
are provided for illustration purposes together with their respective deterministic model
parameter values. Sample realizations of accelerations, velocities and displacements are
shown for the two record examples, together with several elastic response spectra model
realizations, which are compared with the associated recorded response spectra.
The proposed methodology, leading to the stochastic evolutionary description of an entire
database, can be applied to any available seismic record database, facilitating the meticulous
quantification of the natural variability of the associated seismic ground motions. Quantify-
ing the seismic motion uncertainty through several databases, that have been set up based
on different seismological and physical criteria, can provide a unique opportunity to analyze
connections, similarities, differences and patterns among them and draw important conclu-
sions. Furthermore, the fully analytical nature of the model, describing complex evolutionary
power spectra through parametric forms able to capture the distinctive signal characteris-
tics, is fitting for future development of appropriate predictive models that can eventually
link the complete non-stationary power spectra to very specific descriptions of ‘site-based’
earthquake scenarios.
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2.9 Appendix





Livermore-01 0.17 0.85 1.98 1.19 2.63 3.73 1.29 2.50 0.15 0.12
Parkfield 0.14 2.77 2.43 2.00 2.00 5.73 2.38 2.82 0.16 0.21
F (I) µ(I) σ(I) F (II) µ(II) σ(II) Ix (cm
2/sec3) Td (sec) fc (Hz)
Livermore-01 2.63 0.24 0.22 1.66 0.93 0.28 2,556 39.04 0.23
Parkfield 1.11 0.06 0.08 2.74 0.39 0.59 23,787 25.28 0.20








g F (I) µ(I) σ(I) F (II) µ(II) σ(II) Ix Td
Pε
1 0.05 99
9 −0.32 −0.20 −0.22 −0.29 −0.23 −0.25 99
9 0.19 0.16 99




9 0.02 −0.13 −0.22 −0.05 −0.24 −0.32 99
9 −0.16 −0.07 99





9 1 0.56 0.53 0.83 0.25 0.20 99
9 −0.02 −0.27 99




9 0.56 1 0.95 0.39 0.56 0.53 99
9 0.10 −0.16 99




9 0.53 0.95 1 0.37 0.58 0.60 99
9 0.13 −0.15 99




9 0.83 0.39 0.37 1 0.38 0.34 99
9 0.15 −0.22 99




9 0.25 0.56 0.58 0.38 1 0.97 99
9 0.14 −0.19 99




9 0.20 0.53 0.60 0.34 0.97 1 99
9 0.14 −0.18 99





9 −0.02 0.10 0.13 0.15 0.14 0.14 99
9 1 −0.16 99




9 −0.27 −0.16 −0.15 −0.22 −0.19 −0.18 99
9 −0.16 1 99





9 0.03 0.05 0.05 −0.01 −0.04 −0.05 99
9 −0.17 0.26 99




9 −0.02 −0.07 −0.10 −0.11 −0.20 −0.18 99
9 −0.17 0.11 99




9 −0.07 0.03 0.01 −0.10 −0.03 −0.05 99
9 −0.10 0.16 99




9 0.06 0.06 0.10 −0.02 0.06 0.08 99
9 −0.25 0.19 99




9 0.11 0.11 0.12 0.12 0.15 0.15 99
9 0.01 −0.17 99




9 −0.01 −0.02 −0.02 0.01 −0.01 −0.02 99
9 −0.12 0.12 99
9 −0.02 −0.19 −0.40 0.23 0.02 1 99
9 −0.03 99
9 0.02
Ix 0.23 −0.06 99
9 −0.28 −0.12 −0.12 −0.24 −0.07 −0.08 99
9 0.18 0.07 99
9 −0.08 0.08 −0.09 0.06 −0.07 −0.03 99
9 1 99
9 0.04
Td −0.34 0.12 99
9 −0.17 −0.01 0.00 −0.15 −0.05 −0.02 99
9 −0.01 0.25 99



























Table 2.5: Estimated Covariance Matrix Σ
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Figure 2.9: Normal probability plots (probabilities vs quantiles) of the fitted probability
distribution models translated to the standard normal space.
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Chapter 3
Predictive Model for Site Specific
Simulation of Ground Motions based
on Earthquake Scenarios
3.1 Abstract
A predictive stochastic model is developed based on regression relations, that inputs a given
earthquake scenario description and outputs seismic ground acceleration time-histories at a
site of interest. A bimodal parametric non-stationary Kanai-Tajimi (K–T) ground motion
model lies at the core of the developed predictive model. The functional forms that describe
the temporal evolution of the K–T model parameters can effectively represent strong non-
stationarities of the ground motion. Fully non-stationary ground motion simulations are
supported through the powerful Spectral Representation Method. A Californian subset of
the available NGA-West2 database is used to develop and calibrate the predictive model.
Sample observations of the model parameters are obtained by fitting the K–T model to
the database records, and the resulting marginal distributions of the model parameters are
efficiently described by standard probability models. The sample observations are translated
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to the normal space and linear random-effect regression models are sought to be established,
that relate the transformed normal parameters to the commonly used earthquake scenario
defining predictors: moment magnitude Mw, closest-to-site distance Rrup and average soil
shear-wave velocity VS30 at a site of interest. The random effect terms in the developed
regression models can effectively model the correlation among ground motions of the same
earthquake event, in parallel to taking into account the location dependent effects of each
site. The correlation structure of the translated normal model parameters is estimated
through correlation analysis of the regression residuals, allowing finally for the complete
mathematical description of the developed stochastic predictive model for a user-specified
earthquake scenario.
3.2 Introduction
The problem of predicting appropriate ground motions for future seismic events is currently
receiving a great deal of attention in the engineering community. Concerning seismic analysis
and design of structures, modern building codes, such as the 2012 IBC and the ASCE 7-10 [3],
suggest the use of seismic response time-history procedures under certain conditions. The
constantly rising interest in the performance-based earthquake engineering (PBEE) [25] has
further enhanced the need for realistic and diverse earthquake acceleration time-histories.
The availability of ground motions connected to various earthquake scenarios turns out to
often be rather limited, thus driving the engineers to scale the recorded motions and/or to
modify their spectral content [1]. Both of these procedures are however associated with cer-
tain concerns, regarding the potentially unrealistic resulting ground motion representations.
Another alternative is to use simulated ground motions with uniquely defined, represen-
tative characteristics of possible earthquake events at a site of interest. This work proposes
a rigorous scientific, as well as practical, method that realizes this option. Extensive re-
search is currently being conducted on developing and validating attenuation models, or
58
Chapter 3. Predictive Model for Site Specific Simulation of Ground Motions based on
Earthquake Scenarios
more appropriately named ground motion prediction equations (GMPEs) [4, 24], that are
mostly used for probabilistic seismic hazard analysis (PSHA) of structural systems and for
structural design purposes. GMPEs already have a very long history of development [42] in
providing peak ground measures and response-spectra based predictions linked to seismo-
logical parameters. Recent works on GMPEs, such as the NGA-East project [67], include
also predictive models development in the Fourier-Amplitude Spectrum (FAS) space [11,22].
The FAS is essentially a stationary version of the power spectrum allowing, among others,
stationary simulations of ground motions [15]. Through this lens, as will be shown later in
detail, the predictive model developed in this work can be considered as an extension of the
FAS modeling into the non-stationary domain.
Directly relevant to the scope of this work are ground motion models that can simulate
acceleration time-histories based on seismological and physical parameters. Two main cate-
gories of existing models are discerned based on this attribute. The first category comprises
the so-called ‘source-based’ models, which are largely dependent on seismological principles
and describe the faulting rupture mechanism and the subsequent seismic wave propagation,
e.g. see [18,23,48,50,70]. Despite their remarkable engineering potential, these models have
not yet established a practical status for engineering practice, mainly because they usually
require extensive knowledge of both the earthquake source mechanism description and the
associated seismic wave travel path. The second category of existing models, relevant to
the scope of this work, consists of stochastic ground motion models that are based on pre-
dictive equations, input an earthquake scenario description and output ground acceleration
time-histories at a site of interest. These models are firmly related to the suggested ap-
proach in this work and rather limited in number, mainly because accessible databases with
large amount of reliable and consistent data only recently became available. A complete but
concise review to this type of models is provided below.
In 2001, Alamilla et al. [9] used limited recordings from 6 earthquakes, from the sub-
duction zone adjacent to the southern coast of Mexico, and performed linear regressions,
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to relate the earthquake magnitude and the source-to-site distance to the 13 parameters of
their stochastic model, neglecting however the intra-event correlation of the seismic data.
The parameters of their model characterize an amplitude modulation function and a trans-
formation of the time scale, as suggested by Grigoriu et al. in 1988 [49] and subsequently
revisited by Yeh and Wen in 1990 [101], the function of which is to modulate the frequency
content of the well known stationary Kanai-Tajimi model [52,92]. Stafford et al. in 2009 [90]
developed predictive relations between model parameters defining an energy modulating
function using a subset of the PEER NGA-West strong-motion database [2] and earthquake
and site characteristics, disregarding the ground motion frequency non-stationarities. In
2010, Rezaeian and Der Kiureghian [77] used seismologically consistent worldwide earth-
quake data from the NGA-West database and developed a 6-parameter stochastic model to
describe the frequency non-stationarities and the amplitude modulation in time, utilizing a
single-degree-of-freedom linear oscillator, which serves as a time-varying linear filter. The
model parameters are related to the fault type, the moment magnitude, the closest distance
to the fault and the soil shear-wave velocity of the local site through linear mixed regression
models, that take into account both the inter- and intra-event variability of the ground mo-
tions. In their effort to form a simple model, some assumptions have been used, for example
the linear temporal variation of the oscillator’s frequency, that are unfortunately not always
supported by actual data. In 2012, Laurendeau et al. [56] suggested a predictive stochas-
tic model applicable to Japanese earthquakes, considering both the intra- and inter-event
ground motion variability. Their model is a revisited version of the 2006 model by Pousse
et al. [71], based on a ω-square spectral form, which was in turn based on an early model by
Sabetta and Pugliese in 1996 [79]. In [56], the correlation between the dependent variables
of the regressions is ignored and some additional random parameters that were introduced,
affecting the non-stationary character of the motion (stress drop, coda Q-value etc.), are
also sampled independently from uniform distributions. Finally, in 2013, Yamamoto and
Baker [100] presented a wavelet-based model, with 13 parameters associated to seismologi-
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cal and local site conditions through a two-stage linear regression and numerous worldwide
earthquake data from the PEER NGA-West database. The worldwide data in their work
are of rather diverse nature, involving different fault types and a wide range of source-to-site
distances. This model by Yamamoto and Baker is the first model that can represent multi-
modal non-stationary frequency spectra at each time instant. It also employs 4 independent
random variables for each wavelet packet, quadrupling the required number of variables as
compared to other simulation methods and thus complicating its further expansion towards
simulation of waveforms with spatial correlation.
This work presents the use of a bimodal analytical fully non-stationary Kanai-Tajimi (K–
T) model, as developed and presented in detail by Vlachos et al. [96], in the development of a
predictive stochastic ground motion model, based on earthquake and site-dependent physical
parameters. The bimodal Kanai-Tajimi model [96] and the associated functional forms that
describe the temporal evolution of its parameters, and used in the regression models, will
be briefly presented in the following sections. As seen in [96] and demonstrated here as
well, the developed functional forms are exceptionally capable of representing strong non-
stationarities of the ground motion, that cannot be adequately modeled by simple patterns
i.e. linear, and can effectively represent significant shape changes of the evolutionary power
spectrum in time. Fully non-stationary ground motion simulations are supported by a simple
summation of cosines, through the well-established Spectral Representation Method (SRM),
e.g. see [35, 57,82,87], and Priestley’s evolutionary spectral theory [72,73].
After the identification of the parametric forms that describe the analytical earthquake
ground motion model, a connection with relevant seismological and site-dependent phys-
ical predictors is required. A Californian subset of the recently available PEER NGA-
West2 [24,68] ground motion database is selected in order to develop the predictive stochastic
ground motion model. The selected database is thoroughly analyzed and sample observa-
tions of the model parameters are obtained by fitting the bimodal evolutionary K–T model
to its records. The resulting marginal distributions of the model parameters are effectively
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described by simple probability distributions models. The sample parameters are subse-
quently translated to the standard normal space and predictive models are sought to be
established, in the form of linear random-effect regression models, that are capable of relat-
ing the transformed normal model parameters to readily available and common earthquake
and site-dependent parameters, as in the GMPEs development [24, 42] and earlier works in
the literature [77, 100]. The predictors that are chosen to specify an earthquake scenario
at a site of interest are the earthquake moment magnitude Mw, the closest-to-site distance
Rrup, and finally the average shear-wave velocity VS30 in the upper 30m of the soil at a site
of interest. The random terms in the developed linear mixed models, typically referred as
random effects, can effectively model the correlation among ground motions pertaining to
the same earthquake event, while considering at the same time the fact that each different
site is expected to have its own effect on the resulting ground motion. Finally, the correlation
structure of the translated normal model parameters is estimated through correlation anal-
ysis of the regression residuals, allowing finally for the complete mathematical description of
the developed stochastic predictive model for a user-specified earthquake scenario.
3.3 Selected PEER NGA-West2 ground motion database
A subset of the recently available PEER NGA-West2 strong ground motion database is used
in this study, which is an updated and significantly larger version of the previous NGA-
West ground motion database [2], allowing for the development of the proposed predictive
stochastic ground motion model. The selected ground motion database consists of 1,410
exclusively Californian earthquake ground acceleration records, that satisfy the following
criteria: (1) the earthquake events occurred within a shallow crustal and tectonically active
region; (2) the recordings were obtained in representative free-field conditions; (3) both
horizontal components of the ground motion are available; (4) the acceleration time-histories
were recorded in a reliable and consistent manner, allowing all the pertinent information to
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be available (strike angle of the fault plane is available, top 30m soil shear-wave velocity
is measured or estimated, etc.); (5) recorded ground motions exhibiting near-fault behavior
were excluded; (6) the closest distance between the site and the ruptured plane Rrup is limited
to a value of 100km, thus avoiding the inclusion of rather low amplitude seismic excitations;
(7) aftershock events located in the immediate vicinity of the main event rupture plane and
defined as Class 2 events with centroidal distance CRJB less than 10 km were excluded, see
also [99].
In this work, the horizontal components of each ground acceleration record have been
rotated to fault-normal and fault-parallel directions, through a simple algorithm, that takes
into account typical earthquake source parameters, such as the orientation and the direc-
tionality of the ruptured plane. The selected strong motion database enlists a subset of the
seismic waveforms used in the development of the Campbell-Bozorgnia (CB14) NGA-West2
ground motion prediction model [28], where a more thorough report of the above mentioned
ground motion selection criteria can be found. A brief summary of the selected database
ground motions can be seen in Table 3.1. Furthermore, Fig. 3.1 illustrates the earthquake
moment magnitude Mw – closest-to-site distance Rrup distribution of the selected seismic
records, accompanied by the histogram plot of the associated local site average shear-wave
velocities VS30 at the recorded sites.
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Earthquake Name Earthquake NGA ID Earthquake Magnitude (Mw) Number of Records
1 Big Bear-01 126 6.46 64
2 Cape Mendocino 123 7.01 20
3 Chalfant Valley-02 103 6.19 22
4 Coalinga-01 76 6.36 90
5 El Mayor-Cucapah 280 7.20 96
6 Hector Mine 158 7.13 58
7 Imperial Valley-06 50 6.53 40
8 Joshua Tree 146 6.10 10
9 Landers 125 7.28 50
10 Livermore-01 53 5.80 10
11 Loma Prieta 118 6.93 138
12 Morgan Hill 90 6.19 40
13 N. Palm Springs 101 6.06 64
14 Northridge-01 127 6.69 260
15 Parkfield 25 6.19 8
16 Parkfield-02 179 6.00 142
17 San Fernando 30 6.61 36
18 San Simeon 177 6.52 16
19 Superstition Hills-02 116 6.54 18
20 Westmorland 73 5.90 10
21 Whittier Narrows-01 113 5.99 218
Table 3.1: Selected Californian NGA-West2 earthquake events, moment magnitude, and
number of ground motion records.
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Closest distance Rrup (km)















(a) Magnitude – Distance distribution.
Site shear-wave velocity VS30 (m/s)


















(b) Site shear-wave velocity VS30 histogram.
Figure 3.1: Data exploration of the selected Californian NGA-West2 strong ground motion
database.
3.4 Evolutionary bimodal Kanai-Tajimi ground motion model
This section presents the fully non-stationary parametric K-T ground motion model, as
developed and explained in detail in Chapter 2. The used bimodal K–T model is the first fully
analytical model to date that can directly describe multi-modal evolutionary power spectral
densities. The non-stationary spectral estimation of the database records is performed by
using the Short-Time Multiple-Window estimation technique, as developed and presented
by Conte and Peng (1997) [32], and outlined in Section 2.4. The developed parametric
bimodal fully non-stationary K–T model consists of two distinct spectral modes, based on
the superposition of two classical unimodal K-T expressions. Incorporating a high-pass
filter is deemed essential, since it suitably diminishes the spectral energy levels in the lower-
frequency range of the simulated ground motions. The used model is thus expressed as:
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where SXX (f, t) is the model evolutionary power spectrum at frequency f and time t, HP (f)




g (t) , ζ
(k)




are the time-varying modal
dominant frequency, modal apparent damping ratio and modal participation factor with re-
spect to the kth mode respectively. Having estimated the non-stationary spectral content
of a signal x (t) according to the Short-Time Multiple-Window technique together with the
analytical K-T model in Eq. (3.1), the required spectral parameters are identified at ev-
ery time-instant of the considered signal through matching the analytical and numerically
estimated power spectra in the least-squares sense over the entire frequency domain as in
Section 2.5.3.
3.5 Parametric description of the time-varying model parameters
Following the establishment of the evolutionary bimodal K–T model analytical form and the
associated parameter identification process, the developed functional forms that characterize
the temporal evolution of the model parameters are briefly presented. The analysis space,
where the analytical expressions that describe the temporal-variation of the model param-
eters are formed, is the non-dimensional cumulative energy domain instead of the typically
used time domain, and a new energy-based amplitude modulating function is developed [96].
3.5.1 Transformation of Time-Domain to Energy-Domain
Based on the choice of modeling the temporal variation of the K–T model parameters in the
energy domain, the representation of the spectral energy distribution in the strong-motion
part of the seismic signal becomes more accurate, since the effects of the prolonged preceding
or trailing weak-motion parts are effectively reduced. The adopted definition for the energy









where Td is the duration of the seismic record x (t), t ∈ [0, Td] and ε (t) ∈ [0, 1] is the non-
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dimensional cumulative energy. Eq. (3.2) primarily constitutes a non-linear mapping be-
tween the typically used time domain and the non-dimensional cumulative energy domain,
that allows higher resolution in the strong-shaking part of the ground motion as explained
earlier. An analytical form is required in order to describe the energy accumulation over time,
allowing also for the expression of all developed functional forms in the time domain, and
thus facilitating the simulation process. The following parametric expression was proven to













where {γ, δ} are identified positive scale and shape parameters respectively, and Td is the
duration of the seismic record x (t).
3.5.2 Energy accumulation and amplitude modulating function
Certain choices in the selection of the functional forms, as presented in Section 2.5.5, result
in non-uniform amplitude modulation of the power spectral intensity. In order to remedy
this unsuited effect, the model power spectrum in Eq. (3.1) is converted to unit-variance in
each time-instant, followed by the introduction of an amplitude modulating function z (t) as
follows:
SXX (f, t) = z






























It is shown in Section 2.5.5 that the amplitude modulating function z (t) is directly
proportional to the temporal derivative of the energy accumulation function ε (t).
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3.5.3 Dominant modal frequencies
The strongly non-stationary character of the seismic ground motions is directly related to
the non-coinciding arrival times of the body and surface seismic waves at a site of interest,
and the differences in their attenuation nature. Local soil conditions may also significantly
affect the spectral energy distribution of the resulting ground motion. A versatile analytical
expression is thus selected to model the inherent frequency non-stationarities of the ground
motion, which is given as:










for k = 1, 2 and {Qk, αk, βk} the identified parameters of the analytical form with respect to
the kth mode, with αk, βk ∈ < and Qk > 0.
3.5.4 Modal apparent damping ratios and modal participation factors
Aiming to a sophisticated but also concise model, the modal damping ratio is modeled as
the averaged identified damping in the central 90% of the signal’s energy for each considered
spectral mode. As far as the participation factors in Eq. (3.1) are concerned, advantage was
taken of their connection and their ratio was modeled in the logarithmic domain by a flexible
Gaussian expression. A more detailed presentation of the modeling process is provided in
Section 2.5.5.
3.6 Ground motion simulation based on the evolutionary bimodal
Kanai-Tajimi model
The analytical nature of the model power spectrum facilitates the simulation of ground
motion realizations through the SRM [35,57,82,87], which is based on Priestley’s evolutionary
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power spectral theory [72, 73]. The time-domain is discretized and the associated energy
domain is calculated by Eq. (3.3). The evolutionary spectral characteristics are calculated
through use of the energy-based forms in Section 2.5.5. The required model parameters
collectively form the 18-parameter model set P in Section 2.6. The SRM is then engaged
in a straightforward manner for the simulation of fully nonstationary ground motion sample
realizations x(s) (t) as:
x(s) (t) = 2
N−1∑
n=0








where t ∈ [0, Td], fn ∈ [0, fu], s is the number of the associated sample realization, Td is the
duration of the sample ground motion, fu is the upper cut-off frequency of the evolution-
ary spectrum and Φ(s) is a set of N independent random phase angles for the sth sample
realization, distributed uniformly over the interval [0, 2π].
Following the simulation of seismic acceleration time-histories, velocity and subsequently
displacement time-histories can be obtained via numerical integration. However, the simu-
lated accelerations may be numerically contaminated, containing disproportionate amounts
of low-frequency spectral amplitudes, resulting in unrealistic velocities and displacements,
both exhibiting increasing drifts as time increases, and overestimating the structural response
in the long-period range. Therefore, a simple post-processing filtering scheme is employed
by causally applying the same high-pass Butterworth filter as outlined in Section 2.6.4.
In Fig. 3.2, the component 90 of the Niland Fire Station seismic acceleration record of the
Imperial Valley-06 1979 earthquake (Mw = 6.53) is provided (a), that is identified as NGA
Sequence 186 with Rrup = 36.9 km and VS30 = 212 m/sec, together with the associated fit plots
of the identified functional forms pertaining to the non-dimensional energy accumulation
function (b) in Eq. (3.3) and the dominant modal frequencies (c) in Eq. (3.5). The thin black
lines showcase the analyzed signal characteristics, whereas the thick colored lines indicate
the outcomes of the fitted analytical expressions. The evolutionary spectral estimate (d)
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of the example record is next compared to the fitted model evolutionary spectrum (e) of
Eq. (3.4). Finally, the pseudo-acceleration 5% damped elastic response spectrum of the
NGA seismic record can be seen in 3.2(f), plotted together with an ensemble of 100 sample
response spectra of the associated fitted model power spectrum.
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(f) Comparison of elastic re-
sponse spectra.
Figure 3.2: Fitting of the developed bimodal evolutionary Kanai-Tajimi model to the exam-
ple NGA seismic record.
3.7 Predictive equations of model parameters for a specified earth-
quake scenario
The main focus of this work is the employment of the presented analytical fully non-
stationary Kanai-Tajimi (K–T) ground motion model in the development of a stochastic
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simulation framework that is capable of providing reliable, realistic and diverse earthquake
acceleration time-histories at a Californian site of interest, statistically consistent with a user-
specified earthquake scenario description. The connection between the stochastic K–T model
parameters and the earthquake scenarios is based on formed random-effect regression rela-
tions and the selected Californian NGA-West2 ground motion database in Section 3.3. The
developed regression relations are thus forming a predictive parametric fully non-stationary
stochastic ground motion model, analogous to an extended version of the GMPEs [4, 24],
that can only provide scalar ground motion measures for a given seismological scenario de-
scription, and the recently available stationary FAS predictive models [11,22].
Following the identification of the parametric forms that describe the temporal variation
of the K–T model parameters, a connection with relevant seismological and site-dependent
physical ground motion predictors is required. The selected Californian database in Section
3.3 is thoroughly analyzed and sample observations of the model parameters are obtained by
fitting the analytical evolutionary K–T model to all table records. The resulting marginal
distributions of the model parameters are effectively described by generic probability dis-
tribution models. The acquired model parameter data are subsequently translated to the
standard normal space in an effort to perform their statistical modeling in a unified proba-
bilistic space, that is associated with theoretical, computational and simulation advantages.
Predictive relations are then developed in the form of linear mixed-effects normal regression
models, capable of linking the translated model parameters to typically used earthquake and
site-dependent ground motion predictors, similar to GMPEs developments [4,24] and earlier
works in the literature [77, 100]. The predictors that are chosen to describe an earthquake
scenario are the earthquake moment magnitude Mw, the closest-to-ruptured-area distance
Rrup, and finally the average soil shear-wave velocity VS30 at a site of interest. The random
terms in the developed linear mixed regression models, typically referred to as random ef-
fects, can effectively model the correlation of ground motions pertaining to the same seismic
event, while considering at the same time the fact that each different site is expected to have
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its own effect on the resulting ground motion.
This section presents in detail the fitted marginal probability models pertaining to the
model parameters, the analytical expressions of the associated predictive regression equa-
tions, the analysis method used to estimate the regression coefficients and all relevant vari-
ance components, and finally the estimation of the correlation structure of the various trans-
lated normal model parameters.
3.7.1 Fitted marginal probability distribution models
After the identification of the model parameters of the selected Californian NGA-West2
database records, the marginal probability distributions of the model parameters are effec-
tively described by fitting appropriate probability models through the maximum likelihood
method and testing a large number of suitable probability distribution candidates. The fit-
ted marginal probability models together with their associated parameters are provided in
Table 3.2, and their excellent fits to the identified K–T model parameter data can be seen
in the standard normal probability plots of Fig. 3.4, in the Appendix of Chapter 3. In these
normal probability plots, the derived model parameter data are translated to the standard
normal space through their fitted distribution models, in Table 3.2, in order to illustrate the
effectiveness of the fittings in a unified and consistent manner.
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Parameter Probability Distribution Bounds µ (or a) σ (or b) ν Mean St. Dev.
γ Lognormal(µ, σ) (0,+∞) −1.735 0.523 0.202 0.113
δ Lognormal(µ, σ) (0,+∞) 1.009 0.422 2.998 1.324
Q1 (Hz) Lognormal(µ, σ) (0,+∞) 0.731 0.557 2.426 1.463
α1 Normal(µ, σ) (−∞,+∞) 0.249 1.759 0.249 1.759
β1 Normal(µ, σ) (−∞,+∞) 0.768 1.958 0.768 1.958
Q2 (Hz) Lognormal(µ, σ) (0,+∞) 1.519 0.473 5.108 2.558
α2 Normal(µ, σ) (−∞,+∞) 0.034 1.471 0.034 1.471
β2 Normal(µ, σ) (−∞,+∞) 0.441 1.733 0.441 1.733
ζ
(1)
g Beta(a, b) (0, 1) 2.516 9.174 0.215 0.115
ζ
(2)
g Beta(a, b) (0, 1) 3.582 15.209 0.191 0.088
F (I) Lognormal(µ, σ) (0,+∞) 0.746 0.404 2.288 0.963
µ(I) non-stand. t-dist(µ, σ, ν) (−∞,+∞) 0.205 0.232 7.250 0.205 0.273
σ(I) Inverse Gaussian(µ, σ) (0,+∞) 0.499 0.213 0.499 0.764
F (II) Lognormal(µ, σ) (0,+∞) 0.702 0.435 2.218 1.012
µ(II) non-stand. t-dist(µ, σ, ν) (−∞,+∞) 0.792 0.157 4.223 0.792 0.216
σ(II) Inverse Gaussian(µ, σ) (0,+∞) 0.350 0.170 0.350 0.502
Ix (cm
2/sec3) Lognormal(µ, σ) (0,+∞) 9.470 1.317 30,861 66,663
Td (sec) Lognormal(µ, σ) (0,+∞) 3.658 0.375 41.600 16.200
Table 3.2: Marginal probability distribution models of the model parameters
3.7.2 Regression analysis for model parameters
In this section, predictive regression equations are developed for each one of the model pa-
rameters of the 18 parameter set P in Eq. (2.28), that are capable of linking the components
of P with the following chosen ground motion physical predictors: moment magnitude Mw,
closest-to-ruptured-area distance Rrup, and finally the average shear-wave soil velocity VS30 at
the site of interest. In order to effectively take into account the diverse probabilistic nature
of the resulting fitted marginal distribution models in Table 3.2, the sample model parameter
observations are numerically translated to the standard normal space, that is well associated
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with computational and simulation efficiencies. The developed predictive regression models
can accommodate multiple predictor variables in a straightforward manner. Furthermore,
normal regression models can unobstructedly include random-effect terms, allowing to effec-
tively and appropriately identify and handle population-average and subject-specific special
effects in the observed seismic data, which are inherently heterogeneous from a statistical
point of view. For the sake of notation simplicity, hereafter the earthquake and site charac-
teristics Mw, Rrup (in km) and VS30 (in m/s) will be denoted as M , R and V respectively.
For mathematical convenience, let Pi denote the ith model parameter of the total param-
eter set P of Eq. (2.28), FPi (pi) its associated cumulative distribution function in Table 3.2
and pi a realized value of the respective model parameter, for i = 1, 2, ..., 18. The empirical
cumulative distributions are preferred in this subsection for the numerical mapping of the
sample model parameter observations to the standard normal space for reasons of improved
accuracy. It should be clear, however, that for the normal probability plots in Fig. 3.4 of
the Appendix of Chapter 3, the data translations are based on the fitted distribution mod-
els in Table 3.2 and not the empirical models, in an effort to illustrate the effectiveness of
the probability distribution fittings. The transformed standard normal model parameter is
defined as Zi, and zi is an associated realized value given as:
zi = Φ
−1 [FEi (pi)] , i = 1, 2, ..., 18 (3.7)
where Φ−1 [·] denotes the inverse standard Gaussian cumulative distribution function and
FEi [·] the empirical cumulative distribution function. All transformed normal model param-
eters Zi are linked to the chosen earthquake and local-site physical predictors, M , R and V ,
through a linear random-effect model that can be written in the following general form as:
Zi = E [Zi|M ,R,V ,βi] + εi (3.8)
for i = 1, 2, ..., 18, where E [·] is the expectation operator and βi is the coefficient vector of the
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linear regression expression. The general zero-mean normal error term εi is characterized by


















The error covariance matrix Qi includes the contribution of the random effect terms that
can effectively model the correlation among seismic data pertaining to the same earthquake
event, and also take into account the fact that each site is expected to have its own special
effect on the resulting ground motion, and the covariance matrix Ri characterizes the co-
variance structure of the regression residuals. The optimization technique used in this study
for the estimation of the coefficient vector βi and the covariance parameter vector θi is the
Restricted Maximum Likelihood method (REML), as implemented in MATLAB [63]. The
REML method results in unbiased estimates of both vectors βi and θi by iterating between
a classical least-squares approach for the estimation of the coefficient vector βi for a given
covariance parameter vector θi, and the maximization of the marginal log-likelihood of θi
for the estimation of the latter as:








where θ̂i is the REML estimate of the true covariance parameter vector θi and L (βi,θi) is
the likelihood function.
3.7.3 Linear random-effects regression model for normal model parameters
The developed functional form used for the linear random-effect regression models of the var-
ious Zi parameters is now presented. Despite the fact that there is no precedent for analytical
expressions that describe the attenuation of these specific normal K–T model parameters, one
may anticipate that the transformed normal parameters Zi scale in a similar manner to other
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seismic ground motion measures, as in the GMPEs studies [4,24,42], the stationary FAS [22]
in the NGA-East project [67] or previous works in the literature for the parametrization and
stochastic simulation of ground motions consistent with an earthquake scenario [77, 100].
Numerous candidate functional forms have been considered, partly inspired by the afore-
mentioned works, and the relative performance of each candidate has been evaluated with
respect to several commonly used statistical measures, such as the Akaike Information Cri-
terion, the Bayesian Information Criterion, the variance of the residual components and the
pattern of the residual error plots.
A single functional form for the predictive regressions of all transformed normal model
parameters has been chosen, in a effort to perform their statistical modeling in a unified and
consistent way, while facilitating at the same time their simulation process. The developed
predictive regression relation for the transformed standard normal model parameters is given
as:























+ ηe,i + ηs,i + εi
(3.11)
for i = 1, 2, ..., 18, where Zi is the ith transformed standard normal parameter and µi (M,R, V,βi)
is its associated estimated conditional mean value for the given earthquake and local-site
physical predictors, M , R, and V at a site of interest. The indicator variables {IS , IM , IH}
receive a value of unity when the local site soil is considered soft, medium or hard respec-
tively, otherwise their respective values are set to zero. The soil classification has been
performed with respect to their average shear-wave velocity V , considering the soil as soft if
V ≤ 300m/s, medium if 300m/s < V ≤ 450m/s, or hard otherwise. This classification allows
for the local-site terms to be determined independently for each different soil class, instead of
calculating an average term for the entire range of local-site soil profiles. The earthquake and
local-site physical predictors, M , R and V , have each been normalized by a typical value for
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engineering purposes, and thus the regression coefficient vector βi is rendered dimensionless.
The random effect terms ηe and ηs represent the inter-event and site-to-site variability
respectively, while ε is an error term representing the variability of a site within an earthquake





i respectively. With this arrangement, the total regression error
variance σ2tot,i of the i








The regression coefficient vectors βi for all the Zi parameters, and the associated vari-
ance components are estimated through the REML method in Section 3.7.2 and are given
in Table 3.3 together with the total variances. The estimated regression coefficients in Table
3.3 provide interesting insight regarding the attenuation of the transformed normal model
parameters with respect to the chosen ground motion predictors, M , R and V . It is ob-
served that the total energy content Ix of the seismic ground acceleration tends to increase
with magnitude and decrease with distance and site soil stiffness. The seismic motion total
duration Td tends to increase with magnitude and decrease with site soil stiffness. Further-
more, through the factors Q1 and Q2, it is observed that both modal frequencies tend to
decrease with magnitude and distance, whereas they tend to increase with site soil stiffness.
Finally, both modal apparent damping ratios of the seismic ground motion tend to increase
with magnitude and decrease with distance. These findings are generally consistent with
seismological evidence [6, 14, 44, 53, 74, 75, 91, 94, 95] and prior works in the ground motion
literature [77].
Representative diagnostic scatter plots of residual components against the chosen earth-
quake and local-site characteristics, moment magnitude M , closest-to-ruptured-area distance
R (in km) and local site average shear-wave velocity V (in m/s), are provided in Figure 3.3
for the transformed standard normal model parameters {Q1, α1, β1} that collectively define
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the first dominant modal frequency, the first modal apparent damping ratio ζ(1)g , the total
energy content Ix, and the duration Td of the seismic ground motion. The provided scatter
plots illustrate the fact that the estimated residual components are unbiased, exhibit vari-
ance homogeneity, and lack any patterning with respect to the used ground motion physical
predictors, further supporting the appropriateness of the developed regression expression.









γ 1 −1.14 1.09 1.91 −0.97 0.10 0.35 −0.67 0.47 0.34 0.10 0.91
δ 2 1.81 −1.84 −3.59 3.79 0.32 0.55 0.29 0.23 0.34 0.23 0.80
Q1 3 3.87 −3.47 −0.08 0.02 0.49 0.87 0.32 0.12 0.24 0.30 0.66
α1 4 1.90 −1.88 −2.08 1.90 −0.35 −0.70 0.00 0.05 0.06 0.67 0.78
β1 5 1.66 −1.69 −1.25 1.19 −0.52 −1.02 −0.10 0.04 0.09 0.61 0.74
Q2 6 1.79 −1.50 −0.03 −0.13 0.45 0.71 0.15 0.16 0.24 0.30 0.70
α2 7 1.10 −1.19 −1.01 0.94 −0.56 −0.89 −0.32 0.01 0.07 0.65 0.73
β2 8 1.19 −1.29 −0.70 0.70 −0.66 −1.11 −0.45 0.02 0.07 0.63 0.72
ζ
(1)
g 9 −3.64 3.32 −0.53 0.39 −0.38 −0.83 0.10 0.02 0.08 0.59 0.69
ζ
(2)
g 10 −2.27 2.15 0.63 −0.66 0.11 −0.10 −0.05 0.03 0.05 0.70 0.78
F (I) 11 0.69 −0.62 1.80 −1.61 0.07 −0.15 −0.07 0.00 0.00 0.88 0.88
µ(I) 12 1.30 −1.20 −1.22 1.06 −0.03 0.19 0.01 0.00 0.00 0.90 0.90
σ(I) 13 0.46 −0.41 −0.51 0.45 0.11 −0.02 −0.14 0.00 0.01 0.88 0.89
F (II) 14 2.23 −2.04 −0.14 0.19 0.24 0.18 0.32 0.00 0.00 0.91 0.91
µ(II) 15 2.38 −2.20 −0.33 0.22 −0.02 0.10 0.08 0.00 0.01 0.79 0.80
σ(II) 16 0.21 −0.17 0.34 −0.22 0.08 0.26 0.04 0.00 0.00 0.92 0.92
Ix 17 −7.60 6.85 −2.36 0.92 −0.75 −0.79 −0.62 0.07 0.21 0.07 0.35
Td 18 −6.35 5.82 3.30 −2.88 −0.14 −0.53 −0.02 0.35 0.41 0.06 0.82
Table 3.3: REML regression coefficients and variance components of the normal model
parameters.
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Figure 3.3: Representative scatter plots of residual components of the transformed standard
normal model parameters against the chosen earthquake predictors, M , R and V .
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3.7.4 Estimated correlation structure of the transformed normal model pa-
rameters
Following the development of the regression expressions for the Zi parameters, for i =
1, 2, ..., 18, their associated correlation structure should be estimated in order to completely
quantify their joint stochastic nature. The correlation matrix of the normal model parame-
ters is estimated through the total regression error terms εtot,i defined as:
εtot,i = ηe,i + ηs,i + εi (3.13)
for i = 1, 2, ..., 18. The variance σ2tot,i of the total regression error term εtot,i, calculated in Eq.

















, i, j = 1, 2, ..., 18 (3.14)
where ε(n)tot,i denotes the n
th sample observation of the ith total error regression term, σtot,i
is the associated standard deviation and N = 1, 410 is the total number of sample observa-
tions for each normal model parameter, corresponding to the total number of records in the
considered Californian NGA-West2 database. The resulting full correlation matrix can be
found in Table 3.5 of the Appendix of Chapter 3. Important correlation values are observed
among the transformed model parameters pertaining to the modal frequencies parameter set
Pfg = {Q1, a1, β1, Q2, a2, β2}. This is a naturally expected result showcasing that the different
spectral modes of the ground motion are well correlated, despite their inherent stochasticity.
The estimated correlation coefficients ρ with the highest values for the modal frequencies
parameters are given in Table 3.4, as a snapshot of the full correlation matrix provided in
the Appendix of Chapter 3. It is important to note that one may always return to the full
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covariance matrix Σ of the Zi parameters in a straightforward manner, as follows:
Σij = (σtot,i · σtot,j) ·Rij , i, j = 1, 2, ..., 18 (3.15)
ρ (Q1, α1) ρ (Q1, β1) ρ (Q1, Q2) ρ (α1, β1) ρ (α1, α2) ρ (α1, β2) ρ (β1, α2) ρ (β1, β2) ρ (α2, β2)
0.41 0.41 0.73 0.95 0.48 0.42 0.49 0.49 0.94
Table 3.4: Estimated correlation coefficients for the modal frequencies parameters
3.8 Summary
A predictive stochastic ground motion model is developed, using a user-specified earthquake
scenario description in terms of moment magnitude Mw, closest distance Rrup and average
site shear-wave velocity VS30 , and resulting in fully non-stationary acceleration time-histories
at a Californian site of interest.
A bimodal analytical fully non-stationary Kanai-Tajimi (K-T) model, associated with
physically interpretable parameters, forms the very core of the predictive stochastic model.
The functional forms, that describe the temporal evolution of the K-T model parameters,
are capable of modeling very strong non-stationarities of the seismic ground motion. The
fully non-stationary simulation of sample acceleration time-histories of the K-T model is
facilitated by the Spectral Representation Method.
An analytical predictive random-effect regression model is next developed linking the
K–T model parameters with the user-specified earthquake and local-site physical predictors,
moment magnitude Mw, closest distance Rrup and average shear-wave velocity VS30 at a site
of interest. A Californian NGA-West2 strong motion database is used in order to form
the developed predictive stochastic model. Sample observations of the model parameters
are obtained by fitting the model power spectrum to the database records. The resulting
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marginal distributions of the model parameters are effectively described by simple probability
distribution models. An analytical predictive regression relation is established in the normal
space, linking the transformed normal model parameters with the chosen earthquake and
local-site characteristics. The considered random effects can effectively model the correlation
among ground motions pertaining to the same earthquake event, while considering at the
same time the fact that each different site is expected to have its own effect on the resulting
ground motion. The correlation structure of the normal model parameters is estimated by
analyzing the regression residuals, allowing finally for the complete mathematical description
of the developed stochastic predictive model for a user-specified earthquake scenario.
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g F (I) µ(I) σ(I) F (II) µ(II) σ(II) Ix Td
P ε
1 0.04 99
9 −0.02 −0.09 −0.07 −0.02 −0.08 −0.05 99
9 0.03 −0.01 99




9 0.07 −0.12 −0.19 −0.03 −0.20 −0.28 99
9 −0.17 −0.12 99





9 1 0.41 0.41 0.73 0.18 0.13 99
9 −0.01 −0.28 99




9 0.41 1 0.95 0.21 0.48 0.42 99
9 0.11 −0.19 99




9 0.41 0.95 1 0.23 0.49 0.49 99
9 0.20 −0.17 99




9 0.73 0.21 0.23 1 0.37 0.35 99
9 0.19 −0.06 99




9 0.18 0.48 0.49 0.37 1 0.94 99
9 0.17 −0.08 99




9 0.13 0.42 0.49 0.35 0.94 1 99
9 0.23 −0.05 99





9 −0.01 0.11 0.20 0.19 0.17 0.23 99
9 1 −0.19 99




9 −0.28 −0.19 −0.17 −0.06 −0.08 −0.05 99
9 −0.19 1 99





9 0.07 0.05 0.04 0.00 0.01 −0.02 99
9 −0.21 0.21 99




9 −0.05 −0.07 −0.06 −0.09 −0.12 −0.08 99
9 −0.08 0.08 99




9 −0.05 −0.04 −0.10 −0.03 −0.03 −0.09 99
9 −0.16 0.14 99




9 0.16 0.03 0.05 0.08 −0.01 0.01 99
9 −0.09 0.08 99




9 0.08 0.05 0.04 0.08 0.09 0.10 99
9 0.07 −0.18 99




9 0.02 −0.03 0.00 0.00 −0.02 0.01 99
9 −0.05 0.04 99
9 0.01 0.01 −0.56 0.20 0.16 1 99
9 0.01 99
9 0.05
Ix −0.10 0.37 99
9 0.06 −0.03 −0.10 −0.09 −0.09 −0.14 99
9 −0.22 −0.16 99
9 −0.02 −0.01 0.02 0.05 0.08 0.01 99
9 1 99
9 −0.09
Td −0.67 −0.05 99
9 −0.08 0.02 0.06 −0.06 0.03 0.06 99
9 0.03 0.10 99



























Table 3.5: Estimated Correlation Matrix R
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Figure 3.4: Normal probability plots (quantiles vs probabilities) of the fitted probability
distribution models translated to the standard normal space.
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Chapter 4
Stochastic Simulation of Ground
Motions for a Specified Earthquake
Scenario
This section outlines the methodology for simulating any number of ground acceleration time-
histories for a user-specified earthquake scenario description in terms of the ground motion
physical predictors: moment magnitude M , closest-to-site R (in km), and average shear wave
velocity V (in m/s) at a site of interest, using the analytical fully non-stationary model power
spectrum in Eq. (2.27) in conjunction with the predictive stochastic regression model of the
transformed normal model parameters in Eq. (3.11) for a user-specified earthquake scenario
description.
4.1 Simulation of the predictive stochastic ground motion model
Given the earthquake scenario description in terms of M , R, and V at a Californian site of
interest, the conditional mean response µi of the ith transformed normal model parameter Zi
is given as:
µi = µi (M,R, V,βi) , i = 1, 2, ..., 18 (4.1)
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where µi (M,R, V,βi) is calculated by Eq. (3.11), and the associated regression coefficient
vector βi can be found in Table 3.3. The conditional mean responses µi of the transformed
normal model parameters Zi define collectively the conditional mean response vector µ, as:
µ = [µ1, µ2, ..., µ18]
T (4.2)
The full (18× 18) covariance matrix Σ of the transformed normal model parameters Zi
is calculated by Eq. (3.15), where the standard deviations σtot,i and the associated full
correlation matrix R can be found in Tables 3.3 and 3.5 in the Appendix of Chapter 3
respectively. For the user-specified earthquake and local-site characteristics, M , R, and V ,
the complete joint stochastic structure of the transformed normal model parameters Zi can
be thus expressed by the following multi-variate normal probability model as:
Z = [Z1, Z2, ..., Z18]
T
Z ∼ N (µ,Σ)
(4.3)
A simple and efficient method to simulate a sample vector z(s) from the given above
multi-variate normal distribution model of Eq. (4.3) can be summarized as follows:
1. Find a real matrix C that satisfies the equation CCT = Σ. The Cholesky decomposi-
tion method is typically preferred for this purpose.
2. Simulate a vector θ, consisting of 18 independent standard normal variables, by using
any preferred suitable method.
3. Let z(s) be defined as µ+Cθ. The resulting vector is proven to follow the multi-variate
normal probability model of Eq. (4.3).









are translated back to their physical space by using their marginal standard Gaussian cu-
mulative distributions as in Eq. (3.7) and the fitted probability distribution models in Table
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, i = 1, 2, ..., 18 (4.4)
where p(s)i denotes the sample realization of the i
th model parameter in the physical space,
z
(s)
i the associated sample realization in the normal space, F
−1
Pi
[·] the inverse cumulative
distribution function of the ith model parameter in Table 3.2, and Φ [·] the standard Gaussian
cumulative distribution function.
Given the sample model parameter set p(s), the construction of the sample fully non-




in Eq. (2.27) is performed in a straight-
forward manner, as explained in detail in Section 2.6. Following the construction of the
sample evolutionary model power spectrum, the powerful and well-established Spectral Rep-
resentation Method (SRM) can be used for the simulation of sample earthquake acceleration
time-histories x(s) (t) consistent with the specified earthquake scenario, followed by the use of
a simple, efficient and necessary post-processing technique, as described in detail in Section
2.6 and [96]. A fixed frequency value of 0.20Hz has been found to perform satisfactorily
as the corner frequency of the deterministic high-pass Butterworth filter in Eq. (2.2). Af-
ter simulating and post-processing the sample earthquake acceleration time-histories, the
associated sample velocity and displacement time-histories can also be obtained through nu-
merical integration [96]. Based on different simulated physical-space model parameter sets
p(s), the resulting ground motion realizations can effectively reflect the natural variability of
the seismic ground motions for the given earthquake and local-site characteristics at a site
of interest. An illustrative flowchart of the given above necessary steps, for the simulation of
sample seismic acceleration time-histories associated with the user-specified earthquake and
local-site characteristics M , R, and V , is provided in Fig. 4.1.
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M,R, V −→ μi = μi (M,R, V,βi) −→ μ = [μ1, μ2, ..., μ18]T
⇓















Figure 4.1: Simulation flowchart for generation of sample acceleration time-histories asso-
ciated with the user-specified earthquake and local-site characteristics, M , R and V , at a
Californian site of interest.
4.2 Simulation of ground motions for example earthquake scenarios
The synthetic earthquake ground acceleration time-histories generated by the developed pre-
dictive stochastic model can effectively represent the observed natural variability of seismic
motion records associated with a specified earthquake scenario. In an effort to showcase this
attribute of the presented model, two occured ground motion records having quite differ-
ent earthquake and local-site characteristics, M , R, and V respectively, are compared with
associated simulated acceleration time-histories in Figures 4.2 and 4.3 respectively.
Figure 4.2 presents the fault-normal component of the Parkfield-Gold Hill 5W station
(NGA Sequence No: 354) of the Coalinga-01 1983 earthquake (Mw = 6.36), corresponding
to source-to-site distance R = 43.6km and site average shear-wave velocity V = 441.4m/s,
together with two simulated acceleration time-histories with identical earthquake and local-
site characteristics. Furthermore, the identified evolutionary spectral estimate S(s-t)XX (f, t) of





. Finally, the elastic (5%-damped) response spectrum of this
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NGA record is plotted together with the response spectra obtained from an ensemble of 100




and resulting ground motion realizations for the
aforementioned earthquake and site characteristics. Following the exact same logic as above,
the fault-normal component of the Coyote Lake Dam station (NGA Sequence No: 754) of the
Loma Prieta 1989 earthquake event, corresponding to magnitude M = 6.93, source-to-site
distance R = 20.8km and average shear-wave velocity V = 295m/s, is compared with two
associated simulated acceleration time-histories in Figure 4.3. The identified spectral esti-
mate S(s-t)XX (f, t) of the actual record is provided together with a randomly chosen associated




. Finally, the elastic response spectrum of the
NGA seismic record is shown together with 100 response spectra sample model realizations,
as before.
It can be discerned that the overall features of the example scenarios are generally cap-
tured by the simulated model time-histories, resulting in synthetic motions of similar char-
acter to actual records. Furthermore, it is observed that the elastic response spectra of both
example NGA records are very well contained within the range defined by the spectral ordi-
nates of the simulated model realizations, demonstrating the versatility and efficiency of the
developed stochastic simulation framework in representing the inherent variability of seismic
motions associated with specified earthquake and local-site characteristics.
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(b) Simulated ground motion.
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(f) Elastic response spectra of
the example NGA record and
associated simulated ground
motions.
Figure 4.2: Comparison of simulated acceleration time-histories to the Coalinga-01 record,
corresponding to magnitude M = 6.36, distance R = 43.6km and local site average shear-
wave velocity V = 441.4m/s.
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(a) Loma Prieta record.
t (sec)


























(b) Simulated ground motion.
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(f) Elastic response spectra of
the example NGA record and
associated simulated ground
motions.
Figure 4.3: Comparison of simulated acceleration time-histories to the Loma Prieta record,
corresponding to magnitude M = 6.93, distance R = 20.8km and local site average shear-
wave velocity V = 295m/s.
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Chapter 5
Validation of the Predictive
Stochastic Ground Motion Model
5.1 Introduction
The developed predictive stochastic simulation framework can be used to generate suites of
synthetic ground motions that are statistically consistent with a user-specified earthquake
scenario, which is defined in terms of moment magnitude M , closest distance R (in km),
and finally average soil shear-wave velocity V (in m/s) for a site of interest in the region
of California. In a effort to validate the performance of the presented predictive stochastic
model and assess its versatility, a variety of metrics associated with simulated ground motion
time-histories are compared with corresponding results as obtained from well-established and
state-of-the-art pertinent Ground Motion Prediction Equations (GMPEs) [7, 14, 21, 28, 29,
44,53,68,74,75,91,94]. The considered GMPE models study the attenuation of a number of
widely used ground motion intensity measures (IMs), and they are based on formed regressive
models, where the latter are calibrated through use of extensive and reliable earthquake
strong ground motion databases.
A list of simple engineering metrics associated with the characterization of the ground
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acceleration time-series is studied in order to evaluate the performance and subsequently val-
idate the developed predictive stochastic ground motion model, that inputs a user-specified
earthquake scenario, and outputs fully non-stationary simulated ground motions at a Califor-
nian site of interest. The proposed list includes the well-known Arias intensity IA, quantifying
the total energy content of the earthquake ground acceleration, the significant duration T5−95
of the strong ground shaking, being defined as the time interval associated with the dissipa-
tion of the central 90% of the acceleration time-series energy, and finally the spectral-based
mean period of the earthquake record Tm. The attenuation of the considered ground motion
features, as obtained though simulated ground motion sample realizations of the predictive
stochastic model, is compared with the corresponding predictions of well-established GMPE
models [14,44,53,74,75,91,94]. The predictive stochastic model is next validated against the
state-of-the-art NGA-West2 GMPE models [7, 21, 28, 29, 68], that are capable of efficiently
linking the 5%-damped response spectrum of the linear elastic single-degree-of-freedom os-
cillator with a given earthquake scenario, using as input an extensive set of seismological and
local-site ground motion parameters. Finally, earthquake non-linear response-history anal-
yses are conducted for representative single- (SDOF) and multi-degree-of-freedom (MDOF)
hysteretic structural systems, comparing the seismically induced inelastic structural demand
of the considered systems when subjected to sets of both recorded, and associated simulated
ground acceleration time-histories as well.
5.2 Validation against predictive GMPE models
A number of scalar metrics corresponding to simulated ground motions generated by the
developed stochastic predictive model are compared with associated predictions from a set
of well-established Ground Motion Prediction Equations (GMPEs), that are studying the
attenuation of important ground acceleration time-series features, including the Arias in-
tensity IA, significant duration T5−95, and finally the spectral-based mean period Tm of the
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earthquake ground acceleration record.
5.2.1 Arias Intensity
The attenuation of the well-known Arias intensity IA [10] of synthetic acceleration time-
histories as obtained by the presented stochastic simulation model, is validated against per-
tinent GMPE models [44, 91, 94]. The Arias intensity is a ground motion intensity measure
(IM) that captures the damage likelihood of an earthquake record by quantifying the total
energy content of the earthquake ground motion record as the integral of the squared acceler-
ation time-series. The modeling of Arias intensity contributes towards the assessment of the
potential seismic performance of stiff structural systems, the response of which is dominated
by the short-period waveform characteristics of the earthquake ground acceleration.
Travasarou et al. [94] developed in 2003 an empirical GMPE model estimating the Arias
intensity as a function of magnitude, distance, fault mechanism, and local site category. The
proposed model was calibrated using 1,208 recordings from a large global database of 75 shal-
low crustal earthquakes in active plate-margins, and its functional form was influenced by the
seismological point-source fault rupture model. Its range of applicability covers magnitudes
ranging from 4.7 up to 7.6, distances up to 250 km, site classes D through B, and strike-slip,
reverse and normal fault mechanisms. In 2009, a suite of four regional New Zealand models
was constructed by Stafford et al. [91] for the prediction of Arias intensity from shallow
crustal earthquakes. The outcomes of the predictive stochastic model are compared with
associated results from a representative regional model of those in the developed suite, con-
sidering the seismological similarity of the New Zealand and California regions, exhibiting
both shallow crustal seismic activity. The used ground motion dataset included an exten-
sive catalog of records from New Zealand seismic events, being supplemented by a number
of suitable small-distance NGA records from worldwide shallow crustal earthquakes. The
established suite of models can be used to estimate Arias intensity for moment magnitudes
between 5.1 and 7.5, and for distances less than 300 km. Foulser-Piggott and Stafford [44]
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proposed in 2012 a model for the prediction of Arias intensity, incorporating non-linear site
response terms by using the local site average shear-wave velocity and a heteroskedastic
variance structure. The empirical predictive model was developed using a dataset of 2,406
ground motions from 114 worldwide NGA seismic events, covering earthquake magnitudes
between 5 and 8, closest distances less than 100 km, and local site shear-average velocity
values in the range of 200 to 1,000 m/s.
Figure 5.1 presents a comparison between the median Arias intensity estimates by rep-
resentative ensembles of 500 synthetic acceleration time-series generated by the developed
stochastic model, and the associated median predictions from the three considered GMPE
models [44,91,94]. The distance attenuation of the Arias intensity is studied in the provided
comparative plots, considering a set of increasing moment magnitudes M ranging from 6 to
7, and also two different average soil shear-wave velocities of 300 m/s and 500 m/s respec-
tively. The outcomes of the simulated acceleration time-histories are presented in black solid
line with diamond markers, whereas the associated median GMPE predictions are given in
dashed colored lines. The median Arias intensity estimates from the simulated ground mo-
tions are in very close agreement with the associated median GMPE predictions, illustrating
thus the performance and efficiency of the proposed stochastic model in capturing the total
energy content of the seismic ground acceleration time-series.
95
Chapter 5. Validation of the Predictive Stochastic Ground Motion Model
R (km)


















































(a) Increasing magnitude M for a softer local soil profile with V = 300 m/s.
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(b) Increasing magnitude M for a stiffer local soil profile with V = 500 m/s.
Figure 5.1: Distance attenuation of median Arias intensity IA as estimated by simulated
ground motions, and associated median GMPEs predictions.
5.2.2 Significant Duration
The attenuation of the significant duration T5−95 [95] of synthetic acceleration time-histories
obtained from the established predictive stochastic model is next compared with two perti-
nent GMPE models [14, 53]. The significant duration T5−95 is defined as the strong-shaking
time interval within which the central 90% of the acceleration time-series is dissipated, and
constitutes an important ground motion parameter to be modeled, specifically for engineer-
ing systems having a potential for degradation under conditions of cyclic loading.
Kempton and Stewart in 2006 [53] constructed a predictive ground motion model as-
sociating the attenuation of the significant duration with magnitude, distance, local site
parameters considering both shallow and deep basin seismological structure, and finally
near-fault effects. Their model was calibrated with a ground motion database consisting of
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1,559 records from 73 worldwide PEER shallow crustal earthquake events near active plate
margins. The developed model can be used for magnitudes between 5 and 7.6, distances less
than 200 km, and a range of local site average shear-wave velocity in the range of 100 to
1,100 m/s. In 2009, Bommer et al. [14] established an empirical predictive equation for the
attenuation of significant duration using an extensive dataset including 2,406 records from
114 worldwide shallow NGA earthquakes, the seismic data of which covered moment magni-
tudes between 4.8 and 7.9, distances less than 100 km, and a broad spectrum of shear-wave
velocities from 100 up to 2,000 m/s.
In Figure 5.2, an illustrative comparison is provided between the median significant du-
ration estimates of representative ensembles of 500 synthetic acceleration time-series from
the proposed predictive stochastic model, and the corresponding median GMPE predic-
tions [14, 53]. The comparison is performed in terms of magnitude attenuation of the sig-
nificant duration for a set of increasing source-to-site distances R ranging from 10 km to
50 km, and two different average soil shear-wave average velocities of 300 m/s and 500 m/s
respectively. The outcomes of the simulated acceleration time-histories of the developed
predictive stochastic model are presented in black solid line with diamond markers, whereas
the respective median GMPE predictions are provided in dashed colored lines. The median
results of the ensembles of simulated ground motions are consistent with the associated me-
dian GMPE results, showcasing the effectiveness and versatility of the time-series duration
modeling. Crude constraint of the significant duration is observed in earthquake scenarios
associated with smaller distances and larger magnitudes, and this is primarily attributed to
the lack of sufficient data for such conditions.
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(b) Increasing distance R for a stiffer local soil profile with V = 500 m/s.
Figure 5.2: Magnitude attenuation of median significant duration T5−95 as estimated by
simulated ground motions, and associated median GMPEs predictions.
5.2.3 Mean Period
Finally, the attenuation of the spectral-based mean period Tm [74, 75] of synthetic acceler-
ation time-series is assessed against the corresponding predictions of two pertinent GMPE
models [74, 75]. The mean period Tm is defined as the weighted average of the earthquake
acceleration time-series power spectral periods, using as weights their associated squared
stationary fourier amplitudes. The mean period may be used as a simplified engineering
measure to characterize with a single parameter the frequency content of an earthquake
ground acceleration record.
Rathje et al. [74] constructed in 1998 an attenuation model correlating the mean period
of the seismic ground motion with magnitude, distance, and site class dependence. The pro-
posed model was based on the ω-square point source fault rupture spectral model, and it was
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calibrated based on a set of 306 worldwide strong motion recordings from 20 earthquakes in
active plate-margin regions with magnitudes ranging from 5.7 to 7.3, and distances up to 200
km. An improved version of that model was proposed by Rathje et al. [75] in 2004 associating
the mean period of the earthquake acceleration record with the earthquake magnitude, clos-
est distance, local site conditions, and finally rupture directivity effects. A worldwide PEER
database of 835 motions from 44 shallow crustal seismic events was used in the calibration
of the associated model, considering a range of magnitudes from 4.7 to 7.6, and distances up
to 200 km.
Figure 5.3 showcases a comparison between the median mean period estimates of ensem-
bles of 500 synthetic acceleration time-series, and the associated median predictions from the
two considered predictive GMPE models [74,75]. The magnitude attenuation of the median
mean period is studied with respect to a set of increasing distances R, ranging from 10 km
up to 50 km, for a stiffer local site profile with an average soil shear-wave velocity of 500 m/s.
The outcomes of the simulated acceleration time-series of the developed predictive stochastic
model are presented in black solid line with diamond markers, whereas the corresponding
median GMPE predictions are being plot in dashed colored lines. The median spectral-based
mean period estimates of the simulated ground motions are in close agreement with the as-
sociated median GMPE predictions, illustrating the fitness of the spectral content modeling














































Figure 5.3: Magnitude attenuation of median mean period Tm as estimated by simulated
ground motions, and associated median GMPE predictions, for a set of increasing distances
R and a stiffer local soil profile with V = 500 m/s.
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5.3 Validation against NGA-West2 Ground Motion Prediction Equa-
tion models
Simulated ground motions generated through the developed predictive stochastic model are
next compared with the state-of-the-art ground motion prediction equations (GMPEs) of
the NGA-West2 project [68]. The statistics of 5%-damped linear elastic pseudo-acceleration
response spectra of representative ensembles of 1,000 simulated acceleration time-histories
are compared with the associated statistics of elastic response spectra as predicted by the
models developed by Abrahamson, Silva and Kamai (ASK14) [7], Boore, Stewart, Seyhan
and Atkinson (BSSA14) [21], Campbell and Bozorgnia (CB14) [28], and Chiou and Youngs
(CY14) [29]. Figure 5.4 illustrates how the median and median plus/minus one logarithmic
standard deviation of the response spectra sample realizations are compared with the arith-
metically averaged predicted values of the aforementioned four NGA-West2 models for the
cases of increasing moment magnitude M , increasing closest distance R, and finally increas-
ing local site average shear-wave velocity V . The outcomes of the simulated acceleration
time-histories generated through the developed predictive stochastic model are presented
in black solid line, whereas the average predicted NGA-West2 spectral ordinates are given
in dashed red line with diamonds. The extra parameters that are needed by the GMPE
models in order to perform these comparisons have been realistically assumed for all cases
as: (1) the closest-to-ruptured-area and closest to surface projection of ruptured area dis-
tances are identical Rrup = Rjb, the depth to the top of the ruptured area is Ztor = 1km, the
hypocentral depth is Zhyp = 8km, the depth to VS = 1, 000m/s is Z1.0 = 0.35km, the depth to
VS = 2, 500m/s is Z2.5 = 1km, and finally the fault rupture width is W = 10km.
It is evident in Figure 5.4 that the statistics of the synthetic ground motions are in very
close agreement with those estimated through the aforementioned NGA-West2 ground mo-
tion prediction models. The presented stochastic simulation framework can be thus consid-
ered capable of representing adequately and efficiently the inherent uncertainty of observed
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(c) Increasing shear-wave velocity V .
Figure 5.4: Median and median plus/minus one logarithmic standard deviation elastic re-
sponse spectra of ensembles of 1,000 synthetic ground motions, and associated predictions
by the arithmetically averaged NGA-West2 GMPE models.
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5.4 Seismic inelastic demand analysis of representative hysteretic
structural systems
A set of far-field Californian strong ground motions, originating from earthquake events
of magnitude greater than 6.5 and obtained at smaller to moderate source-to-site dis-
tances ranging from 10 km up to 30 km, is collected from the NGA-West2 ground motion
database [68]. Two different NEHRP local site classes are considered independently in the
analyses, resulting finally in two NGA-West2 ground motion datasets of 128 Class D and
86 Class C earthquake ground motion records respectively. Ensembles of synthetic ground
motion sample realization are next obtained from the developed predictive stochastic model,
simulating one ground motion time-series associated with identical earthquake and local-site
characteristics for each considered ground motion record. A set of representative single-
(SDOF) and multi-degree-of-freedom (MDOF) hysteretic structural systems is chosen and
their seismic inelastic demand is assessed through non-linear earthquake response-history
analyses for the two collections of Californian Class C and D strong ground motion records
respectively, and finally compared with the corresponding results obtained from the asso-
ciated ensembles of simulated ground motions. The comparisons are performed in terms
of seismically induced structural demand fragility curves, being represented by analytical
two-parameter lognormal cumulative distribution functions. The associated fragility curve
parameters are estimated simultaneously for the entire family of considered seismic demand
states through a maximum likelihood procedure [54,85,86,88], that is treating each calculated
structural demand state as a realization of a multi-outcome Bernoulli type experiment. The
selected ground motion intensity measure (IM), with respect to which all fragility analyses
are conducted, is the 5%-damped linear elastic pseudo-acceleration Sa.
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5.4.1 Seismic ductility demand analysis of hysteretic Bouc-Wen systems
A number of non-degrading hysteretic Bouc-Wen oscillators, characterized by deterministic
structural properties and natural periods ranging from 0.5 sec to 2 sec, are selected and their
seismically induced non-linear response is quantified for both collections of Californian Class
C and D earthquake records respectively, and the associated sets of simulated ground motion
sample realizations of the developed predictive stochastic model as well. The earthquake
response of the considered Bouc-Wen systems is determined in terms of ductility-demand
fragility curves, pertaining to a specified set of ductility thresholds µu = {2, 4, 8}, for the two
datasets of Class C and Class D ground motion records. The obtained fragility curve results
are subsequently compared with the corresponding outcomes by the ensembles of simulated
ground acceleration time-series.
The hysteretic Bouc-Wen model is completely characterized by the following set of non-
redundant structural parameters, β and γ being factors affecting the shape of hysteretic
loops, n is a parameter controlling the smoothness of the transition between the elastic and
inelastic regions, and finally α is the ratio of the post-yield to initial elastic stiffness. The
numerical values for the aforementioned parameters are taken as β = γ = 0.5, n = 3, and
α = 0.05. Constant 5% damping is also considered in all analysis cases. Finally, the yield
displacement uy of each considered Bouc-Wen oscillator is defined as the median spectral
displacement estimate of the associated 5%-damped linear elastic oscillator, when subjected
to each different collection of real NGA earthquake records, reduced by a constant factor
R = 4. Figure 5.5 illustrates the typical hysteretic response of the Bouc-Wen model, that is
consistent with the aforementioned set of structural parameter values, where Fy represents
the associated yield resisting force.
Figures 5.6 and 5.7 illustrate the comparison between the fragility curves obtained for
the considered set of hysteretic Bouc-Wen oscillators, with natural periods ranging from 0.5
to 2 sec, when subjected to the two collected Californian NGA-West2 earthquake datasets,
103
Chapter 5. Validation of the Predictive Stochastic Ground Motion Model
pertaining to the two different local site Classes C and D respectively, with the corresponding
fragility results from the associated ensembles of simulated ground motions. The fragility
curves obtained by the ensembles of simulated acceleration time-histories are presented in
solid black line, whereas the corresponding fragility results derived by the two collected
Californian NGA-West2 datasets are provided in red dashed line. The simulation-based
ductility demand fragility curves are in very close agreement with the associated ductility
results from the considered NGA-West2 datasets, showcasing the adequacy and reliability of
the developed predictive stochastic model in simulating ground motions that can be readily
used in non-linear structural response-history analyses.
Ductility 7 = u=uy






















Figure 5.5: Considered hysteretic Bouc-Wen model with β = γ = 0.5, n = 3, and α = 0.05.
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Figure 5.6: Ductility-demand fragility curves of the hysteretic Bouc-Wen systems, based on
the selected NGA-West2 Class C records and the associated ensemble of simulated ground
motions, and considering the ductility demand states µu = {2, 4, 8}.
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Figure 5.7: Ductility-demand fragility curves of the hysteretic Bouc-Wen systems, based on
the selected NGA-West2 Class D records and the associated ensemble of simulated ground
motions, and considering the ductility demand states µu = {2, 4, 8}.
5.4.2 Seismic drift demand analysis of a 2D framed structure
The exact same methodology is followed with respect to the inelastic demand analysis of a
full 2D multi-degree-of-freedom framed structure. The considered structure is an existing
typical 6-story steel moment resisting frame of a hospital building located at Woodland
Hills, California, and its geometry together with the associated structural layout are given in
Figure 5.8. The structural material is Grade A36 steel, characterized by yield stress of 36 ksi
and elastic modulus of 29,000 ksi, and the post-yield strain hardening ratio is taken as 3%.
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The first three natural periods of the steel framed structure are calculated to be 0.98 sec, 0.38
sec, and 0.23 sec respectively. Rayleigh damping is assumed, and the associated factors are
obtained by imposing 2% damping on the first and third modes respectively. The damping
matrix is subsequently defined through combination of the mass and last-committed stiffness
matrices respectively, taking into consideration the fact that inclusion of the initial stiffness
matrix would result in overestimation of the damping forces. Large displacement P-∆ effects
are also considered in the non-linear earthquake response-history analyses.
Each physical frame member is modeled using one force-based fiber-element beam-column
model with 8 Gauss-Lobatto integration points along its length, capturing effectively the
spread of plasticity along its length. Fiber-element models use detailed geometry and ad-
vanced material constitutive laws to obtain an accurate representation of yielding and non-
linear behavior at the cross-section level. Full interaction between axial load and bending
moment is considered in a straightforward manner, resulting in a more sophisticated ap-
proach as compared to the plastic hinge models, yielding results of superior accuracy. The
member cross-section is discretized using a total number of 8 and 2 fiber elements along the
height of the web and each of the two flanges respectively.
The comparisons are now performed in terms of interstorey-drift-ratio (IDR) demand
fragility curves for the ensembles of recorded and simulated ground motions, associated with
the two selected local site categories, Classes C and D respectively. The specified set of IDR
demand thresholds is taken as IDRlim (%) = {0.5, 1.0, 1.5}. The fragility curves derived by
the two considered collections of Californian NGA-West2 strong ground motions, pertaining
to site categories C and D respectively, are given in red dashed line, in contrast to the
associated fragility results from the associated ensembles of synthetic ground motion time-
series being represented in solid black line. Their comparison illustrates the capabilities of
the developed stochastic model in generating synthetic ground motion sample realizations,
that can be in turn used towards the effective characterization of the probabilistic complex
earthquake response of inelastic multi-degree-of-freedom structural systems.
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Figure 5.8: Typical moment resisting frame of Woodland Hills Hospital, California.
Sa(Tn) (g)




















Frame, Tn=0.98sec, Class C
NGA Simulation
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Frame, Tn=0.98sec, Class D
NGA Simulation
Figure 5.9: IDR-demand fragility curves of the 2D steel moment resisting frame, based on
the selected NGA-West2 records and the associated ensembles of simulated ground motions,
and considering the IDR demand states IDRlim (%) = {0.5, 1.0, 1.5}.
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5.5 Discussion
In the previous sections, a thorough validation process has been provided showcasing how
simulated ground motions obtained by the developed predictive stochastic model are com-
pared to predictions of well-established GMPE models. The proposed stochastic model
can efficiently characterize the attenuation of important scalar ground motion time-series
features, and the simulated ground motion sample realizations are capable of effectively
representing the inherently stochastic response spectral ordinates for a given seismological
scenario. Considering the ground motion database characteristics presented in Fig. 3.1 and
after through model investigations, the recommended range of applicability for the simulated
ground motions covers moment magnitudes M larger than 6, closest-to-site distances R in
the range of 5 km up to 80 km, and finally local site average shear-wave velocities V between
200 m/s and 700 m/s.
A set of recommendations is also provided here with respect to the appropriate utilization
of the Spectral Representation Method (SRM) in Eq. 3.6, resulting in the simulation of fully
non-stationary sample ground motions of the developed stochastic model. Of particular
insterest is the selection of the discretization steps for both the time and frequency domains.
The time-step is recommended not to exceed the value of 0.02sec, enabling the non-aliased
inclusion of frequency components up to 25Hz. A 0.01sec time-step has been used in the
ground motion simulations of this work. The frequency step ∆f should be adequately small
in order to ensure the proper frequency sampling of the analytical model evolutionary power
spectrum. A small frequency step of 0.03Hz, as used throughout this work, yields a large
number of N total frequencies to be summed in the SRM formula, and is thus ascertaining
the gaussianity of the sample acceleration time-histories due to the Central Limit Theorem.
Finally, the effect of the high-pass filter corner frequency fc on the ground motion sim-
ulations is discussed. The corner frequency of the high-pass (low-cut) filter facilitates the
elimination of long-period waveforms generated through the simulation process, that numer-
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ically contaminate the sample ground motions and result in overestimation of the structural
response. The adopted value of 0.20Hz for the filter cut-off frequency has been found to
perform satisfactorily for a wide range of user-specified earthquake and local-site charac-
teristics. Increase of this cut-off frequency value will result in further suppression of the
long-period spectral energy and reduction of the seismic response on long-period structural
systems. Figure 5.10 illustrates the effect of two different values for the high-pass filter cut-
off frequency, namely 0.20Hz and 0.25Hz respectively, on the simulation of sample ground
motions for a given earthquake scenario specified by magnitude M = 6, distance R = 20km,
and site average shear-wave velocity V = 400m/s. The median and median plus/minus one
logarithmic standard deviation response spectra of an ensemble of 1,000 synthetic ground
motions for the two different cut-off frequencies, plotted in continuous line, are compared
with the associated response spectra as predicted by the average of the four NGA-West2














fc = 0:20 Hz
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Figure 5.10: Effect of the high-pass filter cut-off frequency fc on the simulation of sample
ground motions.
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5.6 Summary
The proposed stochastic simulation framework can be used to generate suites of simulated
fully non-stationary ground acceleration time-series, that are statistically consistent with
a user-specified earthquake scenario, defined in terms of moment magnitude M , closest
distance R, and finally local average shear-wave velocity V for a Californian site of interest.
A thorough validation process is followed in an effort to both verify the performance, and
assess the versatility of the developed predictive stochastic ground motion model.
A list of simple engineering metrics associated with important scalar ground motion
time-series features is studied, including the well-known Arias intensity IA, capturing the
damage likelihood of an earthquake record through quantifying its total energy content, the
significant duration T5−95, that is defined as the strong-shaking time interval associated with
the dissipation of the central 90% of the earthquake ground acceleration’s energy, and fi-
nally the spectral-based mean period Tm of the earthquake record. The attenuation of the
considered scalar ground motion features, as obtained from simulated earthquake accelera-
tion time-series, is compared with the corresponding predictions of pertinent well-established
GMPE models for a variety of different earthquake and local-site characteristics. The re-
sults obtained from the predictive stochastic model are found to be in high accordance with
the associated GMPE predictions, illustrating the fitness and versatility of the proposed
predictive stochastic model in simulating synthetic acceleration time-series, that can effec-
tively represent the total energy content, duration, and finally the spectral content of the
earthquake ground motion.
The presented predictive stochastic model is next compared against the state-of-the-art
NGA-West2 GMPEs with respect to a wide spectrum of specified seismological scenarios.
The statistics of elastic response spectra derived by ensembles of simulated ground acceler-
ation time-histories are found to be in very close agreement with the associated predictions
of the considered NGA-West2 GMPE models, showcasing the capabilities of the stochastic
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ground motion model in reflecting adequately and effectively the observed natural variability
of the inherently stochastic response spectral ordinates for a given earthquake scenario.
Finally, the developed stochastic model is validated with respect to the seismically in-
duced structural demand for both a set of representative hysteretic Bouc-Wen single-degree-
of-freedom oscillators, and a real existing 2D 6-story moment resisting frame of a Californian
hospital building. Two sets of Californian NGA-West2 strong ground motion datasets are
collected, consisting of 128 NEHRP Class D and 86 Class C earthquake records respectively,
and associated ensembles of synthetic ground motions are next simulated by the presented
predictive stochastic model with respect to identical earthquake and local-site characteristics
for each considered NGA ground motion record. The inelastic earthquake demand of the
selected structural systems is assessed through non-linear response-history analyses, and the
results obtained from the two collected NGA datasets are compared with their counterparts
derived by the associated ensembles of simulated ground motions. The comparisons are per-
formed in terms of ductility- and IDR-demand fragility curves, for the Bouc-Wen systems
and the 2D framed structure respectively. The simulation-based fragility curves and the
associated fragility results from the collected NGA-West2 ground motion datasets are found
to be of very similar nature, verifying the reliability and efficiency of the presented stochastic
model in simulating ground motions that can be readily used in non-linear response-history
analyses, facilitating the characterization of the probabilistic complex earthquake response
of hysteretic structural systems.
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6.1 Summary and major developments
A new analytical, fully non-stationary, spectral stochastic ground motion model is estab-
lished, being associated with physically interpretable parameters. The new model is based
on a novel multi-modal, non-stationary version of the well-known Kanai-Tajimi (K–T) model
and is the first fully analytical model that is capable of directly and efficiently describing
multi-modal evolutionary power spectral densities, allowing for a more accurate description of
the spectral energy distribution over time. The developed evolutionary K–T model, together
with the analytical expressions describing the temporal variation of the model parameters,
can effectively represent strongly non-stationary power spectral characteristics. The cumu-
lative energy domain is introduced as the analysis space, instead of the typically used time
domain. The analytical form of the suggested model facilitates the simulation of model sam-
ple realizations through the powerful Spectral Representation Method. A subset of the NGA
strong ground motion database is selected in order to test the efficiency and versatility of the
developed model, consisting of 200 Californian earthquake records produced by Strike-Slip
faulting mechanisms and obtained at sites of NEHRP Class D. A methodology is proposed
allowing for the complete evolutionary stochastic description of the entire selected database,
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resulting to the meticulous quantification of the observed natural variability of the consid-
ered ground motion records. Simulated earthquake acceleration time-histories derived by
the proposed methodology can be used in engineering analyses, providing an alternative to
the common practice of selection and scaling of actual seismic records. Detailed sample fits
of the time-varying model parameters regarding two example NGA seismic records are pro-
vided for illustration purposes together with their respective deterministic model parameter
values.
A predictive stochastic ground motion model is next developed, using a user-specified
earthquake scenario description in terms of moment magnitude Mw, closest distance Rrup,
and local average shear-wave velocity VS30 , and resulting in fully non-stationary ground ac-
celeration time-histories at a site of interest for the region of California. The evolutionary
K–T ground motion model lies in the very core of the presented predictive stochastic model.
A predictive regression model is then formed capable of linking the stochastic K–T model
parameters with the selected set of earthquake and local-site ground motion predictors, mag-
nitude Mw, distance Rrup, and average shear-wave velocity VS30 for the site in question. An
extensive Californian NGA-West2 strong ground motion database is employed in order to
form the predictive stochastic ground motion model. Sample observations of the model pa-
rameters are obtained by fitting the model evolutionary power spectrum to the collected
database records. The resulting marginal distributions of the model parameters are effec-
tively described by simple and well-known probability distribution models. An analytical
predictive random-effect regression relation is established in the normal space, associating
the transformed normal model K–T parameters with the chosen seismological and local-site
physical characteristics. The considered random effects can effectively model the correlation
among ground motions pertaining to the same earthquake event, while taking also effectively
into account the fact that each different site is expected to have its own effect on the resulting
ground motion. The correlation structure of the stochastic normal model K–T parameters
is estimated by analyzing the regression residuals, allowing finally for the complete math-
114
Chapter 6. Conclusions and Future Directions
ematical description of the developed stochastic predictive model for a given earthquake
scenario.
The proposed stochastic simulation framework can be used to generate suites of simulated
fully non-stationary ground acceleration time-series, that are statistically consistent with a
user-specified earthquake scenario, defined in terms of magnitude Mw, distance Rrup, and
local average shear-wave velocity VS30 for a Californian site of interest. The entirety of
the necessary steps for the simulation of the developed stochastic predictive model is then
provided.
A thorough validation process is subsequently followed in an effort to assess the per-
formance and versatility of the developed predictive stochastic simulation method. A list
of simple engineering metrics associated with important scalar features of the earthquake
ground motion time-series is studied, including the Arias intensity IA, the significant du-
ration T5−95, and the spectral-based mean period Tm of the earthquake ground motion.
The attenuation of the selected ground motion characteristics, as obtained from simulated
seismic acceleration time-series, is compared with the corresponding predictions of well-
established GMPE models for a variety of earthquake and local-site characteristics. The
results derived by the predictive stochastic model are found to be in high accordance with
the associated GMPE predictions, illustrating the fitness of the stochastic modeling of the
earthquake ground acceleration time-history. The predictive stochastic model is next com-
pared against the state-of-the-art NGA-West2 GMPEs, that are capable of efficiently linking
the linear elastic response spectrum of the single-degree-of-freedom oscillator with a given
seismological scenario. The median and median plus/minus one logarithmic standard de-
viation response spectra of ensembles of simulated ground motion time-series are found to
be in very close agreement with the associated predictions of the considered NGA-West2
models, for a wide spectrum of specified earthquake scenarios, showcasing the capabilities of
the predictive ground motion model in reflecting effectively the observed natural variability
of the response spectral ordinates based on a given earthquake scenario. The developed
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stochastic model is finally validated with respect to the seismically induced structural de-
mand for a set of representative hysteretic Bouc-Wen single-degree-of-freedom oscillators,
and a real existing 2D 6-story moment resisting frame of a Californian hospital building.
Two sets of representative NGA-West2 Californian strong ground motions are collected, and
ensembles of associated synthetic acceleration time-histories are simulated by the predictive
stochastic model. The inelastic earthquake demand of the considered structural systems is
assessed through non-linear response-history analyses, and the results from the two selected
NGA datasets are subsequently compared with their counterparts from the associated ensem-
bles of simulated ground motions. The comparisons are performed in terms of ductility- and
interstorey-drift-ratio-demand fragility curves, for the Bouc-Wen systems and the 2D framed
structure respectively. The NGA- and simulation-based fragility results are found to be of
very similar nature, verifying the reliability of the predictive stochastic model in simulating
ground motions that can be readily used towards the characterization of the probabilistic
complex earthquake response of hysteretic structural systems.
6.2 Suggestions for future directions
The developed predictive stochastic ground motion model can be employed in a number
of engineering applications in an effort to further assess its versatility and illustrate its ca-
pabilities in simulating synthetic ground acceleration time-series, that are consistent with
the observed natural variability of the ground motion based on a given seismological sce-
nario. The three main areas that can be examined along these lines concern code- and
performance-based structural design, earthquake risk assessment of structural systems, and
random vibrations problems. Having quantified the spectral characteristics of the ground
motion in detail, various parametric studies can be conducted investigating the effects of
different ground motion features on the seismic response and on the subsequent structural
design results. The ability to characterize the earthquake hazard in the form of reliable
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and realistic simulated waveforms is of significant importance and can considerably extend
the current capabilities of probabilistic seismic demand analysis (PSDA). A simulation-based
approach can be employed, relying on non-linear response-history analyses for suites of simu-
lated ground motion time-series, and resulting in the seismic demand curve for the structural
system and site under investigation. The suggested procedure will not require the selection of
ground motion intensity measures, modification of earthquake ground motion records, or as-
sumptions related to the probability distribution of structural demand parameters. Finally,
the presented predictive model can be used in stochastic dynamics problems, and poten-
tial applications of interest can include practical reliability-based structural optimization
problems and theoretical work on first passage problems and linearization approaches.
The developed predictive regression model quantifies the variability of the amplitude
and spectral non-stationary characteristics of the ground acceleration time-series based on a
selected set of earthquake and local-site ground motion predictors. Having such regression-
based ground motion models for many different cases is a unique opportunity to analyze
connections, similarities, differences and patterns among the different models and draw im-
portant conclusions. A small number of the potential comparisons that could be made will
be referred here, indicatively. According to similar seismological scenarios, regression mod-
els can be formed that include data from different worldwide regions. These models can
be compared with the ones that have been formed based on regional data only, and it will
be tested whether a mix of relevant data from worldwide regions is able to offer or not one
unique model for time-histories prediction, for the respective seismological scenarios. An-
other potential application will be formation of models based on data from the same region,
such as the already studied Californian one, and seismological scenarios but with different
ground motion amplitude components (PGA for example). The spectral content of the de-
rived model will be then compared and interesting insight can be gained with respect to the
usual practice of ground motion record scaling.
Finally, the developed predictive stochastic model can be extended towards the investiga-
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tion of the spatial variation of seismic ground motions and multiple components of motion.
The presented model form can be employed by the Spectral Representation Method, that
has the capability to simulate fully non-stationary multi-variate random processes. Proper
cross-spectral density functions have to be modeled and fitted for this purpose, analogous
to the procedures that are analyzed in the presented work, and a detailed analysis is needed
about the possible spatial and/or directional correlations between the dependent variables
of the formed regression models. Modeling of multi-dimensional ground motions is of great
importance for multi-component response-history structural analysis, especially when the
considered is characterized by asymmetry related to either mass or stiffness, and the spatial
correlation of the seismic ground motion needs to be taken appropriately into account for
structural systems extending over large spatial domains.
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